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Abstract

Implicit neural representation (INR) methods for video
compression have recently achieved visual quality and
compression ratios that are competitive with traditional
pipelines. However, due to the need for per-sample net-
work training, the encoding speeds of these methods are
too slow for practical adoption. We develop a library to
allow us to disentangle and review the components of meth-
ods from the NeRV family, reframing their performance
in terms of not only size-quality trade-offs, but also im-
pacts on training time. We uncover principles for effective
video INR design and propose a state-of-the-art configura-
tion of these components, Rabbit NeRV (RNeRV). When all
methods are given equal training time (equivalent to 300
NeRV epochs) for 7 different UVG videos at 1080p, RN-
eRV achieves +1.27% PSNR on average compared to the
best-performing alternative for each video in our NeRV li-
brary. We then tackle the encoding speed issue head-on
by investigating the viability of hyper-networks, which pre-
dict INR weights from video inputs, to disentangle training
from encoding to allow for real-time encoding. We propose
masking the weights of the predicted INR during training
to allow for variable, higher quality compression, result-
ing in 1.7% improvements to both PSNR and MS-SSIM at
0.037 bpp on the UCF-101 dataset, and we increase hyper-
network parameters by 0.4% for 2.5%/2.7% improvements
to PSNR/MS-SSIM with equal bpp and similar speeds. Our
code is available at hitps://github.com/mgwillia/vinrb.

1. Introduction

Implicit neural representations (INRs) are very appealing
for video compression due to their fast decoding speeds.
Many neural network researchers have tried to apply deep
learning to the video compression problem in attempts to
(1) improve video quality while (2) reducing the storage
size [1, 38]. One popular family of approaches, Neural
Video Compression (NVC) [25], offers promising perfor-
mance in both those areas. However, these methods suffer
from slow decoding speeds, which limit adoption for practi-
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Figure 1. Compression performance of INR-based video
codecs from the NeRV family. We examine not only size (bits
per pixel) and quality (peak singal-noise ratio), but also encoding
speed. Since INRs must be trained for each sample, the encod-
ing speed is dominated by the training time. (top) PSNR/bpp with
time as dot size. (bottom) PSNR/bpp for equal time (30 minutes
on RTXAS5000), averaged over 7 UVG videos at 1080p.

cal use. By contrast, INRs boast real-time decoding speeds
at low storage size, and recent developments have improved
the reconstruction quality substantially, to the point of being
more competitive with NVC and traditional codecs [16, 20].
However, since INR-based approaches require training a
neural network for each sample individually as part of the
encoding, encoding speeds are incredibly slow.

We consider size, quality, encoding time, and decoding
speed as 4 equally important criteria for judging the effec-
tiveness of video compression methods. So, we propose
to tackle video INR’s greatest weakness, encoding speed
(training time), head-on. We find that in general the en-



coding time is both under-studied and under-valued. While
existing research will typically make comparisons fair in
terms of size by measuring both the number of parameters
and the bits-per-pixel (bpp), for encoding speed they will
typically report results with equal epochs [5, 20]. This ne-
glects the actual real cost of training these methods, and
encourages the introduction of parameters in configurations
that results in large amounts of FLOPs and high wall time.
We illustrate the impact of such a paradigm in Fig-
ure 1. With equal training iterations, HiNeRV [20] dom-
inates compared to its predecessors. However, with equal
training time, such by allowing all methods the amount of
time it takes NeRV to run 300 epochs as measured on a
single NVIDIA RTXA5000 GPU (30 minutes), the land-
scape changes drastically. FFNeRV [24] emerges as the
most effective method on average in this setting. By con-
trast, HiNeRV is more similar to the performance of the
Original NeRV [3] (ONeRV), while the updated NeRV pro-
posed in the HNeRV paper [5] (which has a simpler stem) is
significantly better than both. However, as we show in Sec-
tion 4, HiNeRYV is still the best for longer encoding times.

With encoding speed concerns in mind, we disentan-
gle NeRV-like methods to reveal principles for optimizing
the desired combination of training time, storage size, and
reconstruction quality. We use these principles to formu-
late our Rabbit NeRV (RNeRV), which we name for its
faster training times (and rabbits are associated with speed
in many cultures). We also analyze the differences between
these methods through a qualitative lens by extending the
XINC [37] method for the rest of the NeRV family.

To further address the encoding time issue, we turn to-
wards hyper-networks [7]. By taking a video as input
and predicting the INR weights directly, one can skip the
per-sample fitting process altogether, and instead train the
hyper-network before encoding time. We propose to use
hyper-networks to compress entire videos, 8 frames at a
time. We refer to this architecture, based on NeRV-Enc
and NeRV-Dec [6] as “HyperNeRV.” We devise a train-
ing strategy, Weight Token Masking, where we randomly
mask parts of the hyper-network’s weight predictions dur-
ing training. This enables us to mask the same parts at in-
ference time, with minimal decrease in quality. Since we
do not need to store the masked parts, we are able to per-
form compression with a flexible number of bits that can
be determined at encoding time (by choosing to mask, or
not to mask). We also show how we can modify size of the
“shared parameters” of the hyper-network to achieve better
video quality at equal compressed size.

In summary, we propose that in light of the promis-
ing improvements for video INR methods in terms of rate-
distortion, the community must focus more on encoding
time. We make the following key contributions:

* We develop a library that disentangles various state-of-
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the-art video INRs, and use this codebase to distill and
elucidate best principles for NeRV design.

* We provide a concrete configuration, RNeRYV, that
achieves optimal performance for different encoding
(training) time budgets — 1.27% PSNR and 0.72% MS-
SSIM improvements on average compared to the next-
best method for 30 minutes training time on UVG.

* We propose weight token masking to enable the model to
encode at 2 different storage sizes, with 1.7% improve-
ment to PSNR and MS-SSIM on UCF-101.

2. Related Work

Video Compression. Since the rise of deep learning, many
approaches have tried to supplant or enhance established
video compression methods [23, 47, 50]. Some focus on
improving components of standard compression pipelines
using deep learning [1, 14, 30, 38, 39]. DCVC advocates
for conditional coding instead of traditional predictive cod-
ing [25], and many works in the family of “Neural Video
Compression” (NVC) follow this paradigm [26-28]. In our
work, instead of traditional pipelines or NVC, we focus on
implicit neural representation for video compression.
Implicit Neural Representation. With implicit neural rep-
resentation (INR), a neural network is trained to map a set
of coordinates to some signal, such as an image, video, or
3D representation [3, 35, 36, 41, 43, 48, 52]. An exam-
ple INR could learn a multilayer perceptron to map (z,y)
positions (often with some positional encoding) to (r, g, b)
tuples, such that an image can be learned and stored as neu-
ral network weights. These networks can be designed to be
much smaller than the images they represent, such that one
major application of INR has been image compression [8,
22, 46]. Other works focus more directly on video compres-
sion [3, 9, 18, 21, 31, 57], and some are designed with both
in mind [16]. In this work, we focus on video compression,
and even more specifically we study the popular NeRV fam-
ily of models [17, 20, 24, 29, 54, 56], pioneered by Chen
et al. [3]. It uses convolution layers, typically upsampling
from small feature maps via PixelShuffle [42], in addition
to MLPs and outputs all RGB values of a frame given the
positional embedding of frame index ¢ as input. More re-
cent methods have abandoned the fixed positional encoding;
some, such as HNeRV [5], use an image encoder to learn
tiny content-based embeddings [4, 12, 40, 51, 53, 58, 59].
Others, such as FFNeRV [24] and HiNeRV [20], learn grid
features (and such approaches are popular even outside the
NeRV family [10, 18, 31]).

Hyper-Networks. = Some approaches leverage meta-
learning, training a single hyper-network to avoid long per-
sample training times associated with INR. Given an in-
put image or video, the hyper-network predicts INR net-
work weights (“hypo-network™) that can reconstruct the in-
put [7, 15]. Some works predict INRs to generate novel
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Figure 2. Disentangling components within the NeRV family. We isolate the various components of NeRV-like architectures and
categorize critical parts of the design space — positional encoding, stem, and upsample blocks. There are other components shown in the
figure (skip connections) as well as many not shown, including critical choices like parameter distribution. In this work we analyze the
impact of these various components and propose configurations based on different target optimizations of the time-quality-size trade-off.

images [11, 44] or videos [55]. Latent-INR proposes per-
sample hyper-networks for video compression, and even
aligns these representations with CLIP embeddings for
semantic-aware INR [32]. NeRV-Enc/NeRV-Dec [6] is the
first work to apply non-implicit hyper-networks for video
compression, sacrificing image quality and bitstream length
for much faster encoding times. While NeRV-Enc shows
promising results for compressing a video as a collection
of 8 evenly sampled frames, we are the first work to use
hyper-networks to compress entire videos. We also propose
novel Weight Token Masking and slightly increasing hyper-
network size for better overall performance.

3. Method

We first explain how we disentangle the components of
NeRV models in Section 3.1. In Section 3.1.1 we describe
the individual contributions of popular NeRV-like meth-
ods, and in Section 3.1.2 we explain how we decompose
these methods for further study and improvement. As proof
that such an investigation is useful, we use it to formulate
our proposed RNeRV. We describe our novel Weight To-
ken Masking for improving the size-quality performance of
hyper-network compression strategies in Section 3.2.

3.1. Disentangling Video INRs
3.1.1. Existing Methods

In this work, we primarily focus on the NeRV family of
INR models, pioneered by the NeRV paper itself [3]. The
original NeRV trains a neural network, 6 to predict a frame
at some timestep, I;, that is I; = 6(t), using a reconstruc-
tion loss to minimize the difference between I; and 6(t).
NeRV starts by converting the frame index, ¢, to a sinu-
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soidal positional encoding. An MLP expands the dimension
of the encoding, which is then reshaped to a matrix of shape
few X< fen X fegim. From there, NeRV gradually upsamples,
with each layer first using a convolutional layer to expand
the channel dimension (which is fcg, for the first layer),
followed by a PixelShuffle to convert the additional channel
dimensions to larger spatial size, then an activation. Once
the output has reached the size of the original frame, NeRV
applies a final convolutional layer (called the “head layer”)
to convert the channel dimension to color channels.

E-NeRV [29] expands the stem of NeRV to disentan-
gle and process an zy embedding in addition to . It also
adds learnable skip connections from ¢ to every convolu-
tional layer, and proposes a reworked convolutional layer
for the first NeRV block (after the stem). HNeRV [5] princi-
pally proposes replacing the fixed, non-learnable positional
encoding with a tiny, trainable ConvNext encoding which
outputs content-adaptive embeddings. It also proposes im-
provements for non-hybrid NeRV, by changing the MLP
stem of NeRV to a simpler, larger stem consisting of a sin-
gle fully-connected layer. HNeRV highlights importance of
proper parameter distribution and proposes adjusting kernel
sizes and channel dimensions to ensure the later layers in
the network have a good number of parameters. Instead of
a hybrid encoder, FFNeRV [24] proposes a learnable grid
for the positional encoding, eliminates the stem and shifts
its responsibilities to the first NeRV block, and proposes a
NeRV block that starts with an additional group-wise con-
volution. It also proposes a flow-warping strategy for mod-
eling motion in videos. HiNeRV [20] introduces a broad
array of improvements — grid-based stem, grid-based skip
connection, patchwise learning and decoding, and bilinear
interpolation for upsampling with ConvNext to process fea-
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Figure 3. Weight Token Masking. We make hyper-networks have flexible encoding size at inference time. If we mask some of the
predicted weight tokens for some portion of the samples (in our case, 50%), we can also choose to mask the same set of tokens at inference
for any given input clip (group of frames), with a small decrease in reconstruction quality. That is, we can flexibly reduce the bitrate by 2x
post-training, during encoding, by choosing whether to mask some tokens for each group of frames.

tures in the NeRV blocks.
3.1.2. Our Definition of the Video INR Design Space

In Figure 2, we provide an illustration of this design space.
Video INRs in the NeRV family are a combination of a po-
sition encoding, some stem to process that encoding, and
then upsample blocks to transform that encoding to the res-
olution of the video. Some leverage skip connections to
improve performance. Distribution of parameters, while not
represented in the figure, is crucial for maintaining a healthy
balance between speed and performance. Since our work
focuses on exploring this design space, we explain the pos-
sible options in the paragraphs below.

Positional Encoding and Stem. Stems are typically de-
signed with the position encoding in mind, so in this work
we typically keep them paired for our explorations. We can
use sinusoidal positional encoding of ¢ with an MLP-style
stem like NeRV and E-NeRYV, or a single layer stem like
NeRV. We can use positional encoding of x and y with a
transformer-based stem like E-NeRV. We can use a grid en-
coding with a single layer stem like HiNeRV, or without
a stem like FFNeRV. We can use a content-adaptive en-
coder on frames or pixel differences like HNeRV or Diff-
NeRV [29], although for the sake of simplicity and scope,
we do not investigate along this axis in this work.

Blocks. We can use a basic NeRV block, consisting of a
convolutional layer, PixelShuffle, and activation. Alterna-
tively, we can use an additional convolutional layer for all
(FENeRV) or the first (E-NeRV) blocks. HiNeRV uses a
ConvNext-based block with bilinear upsampling.

Skips. E-NeRV and HiNeRV propose two different skips.
E-NeRYV passes the ¢ positional encoding through a learned
FC for each NeRV block, and within the block performs
a layer normalization on the NeRV features followed by a
fusion with the ¢ skip features. HiNeRV passes local grid
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features (learnable per block) to an FC layer, and adds the
output to the result of the block’s bilinear upsampling.

Other. Parameters are equally expensive to store regardless
of location, but they are not equally expensive computation-
ally. Later parameters process larger feature maps, and are
therefore much heavier in terms of FLOPs and slower in
terms of wall time. We control these as in prior works, with
an expansion term exp, a reduction term r, and a kernel size
term ks. For most works, ks is set to 3. The expansion
term governs the relationship between the input channels
chin and output channels chy, for the first layer specifically:
chouwt = chin * exp. The reduction term governs the change
in channels from one layer to the next: ch,11 = chy/r.
HNeRV changes ks from 3 to 1 in the first layer and 3 to
5 in all other layers, and changes r from its default 2 to
r = 1.2 (which allocates more parameters for later layers).
Such changes are good for quality, but hurt speed.

3.2. Flexible Size via Weight Token Masking

We adopt the hyper-network approach described in NeRV-
Enc, although we re-implement the method since at the time
of this writing their code is not public. In this setup, a
hypo-network is designed and initialized as a set of learn-
able parameters, corresponding to the weights and biases of
each layer of the final hypo-network prediction. These are
sometimes referred to as “shared” parameters, since they
are optimized across the entire dataset of videos. In or-
der to predict a hypo-network that corresponds to an ac-
tual video, the hyper-network backbone predicts weight to-
kens to modulate each layer of the base hypo-network. The
modulation is a simple elementwise multiplication between
hyper-network predictions and the learnable shared parame-
ters. We give a more detailed walkthrough in the Appendix.

Hyper-networks produce encodings at a fixed size. To in-



Table 1. Video regression for 10801920 UVG videos for the set of established video INR compression architectures supported in our
library. We report PSNR1/MS-SSIM1 [49] for configurations with 1.5M and 3M parameters, all based on training and evaluation with our
own library, using settings faithful to the original papers when possible. We include learnable grids and decoders in the parameter counts,
since these are part of the bitstream. We do not include the HNeRV and DiffNeRV encoders.

Video

Method #Params Beauty Bosphorus HoneyBee Jockey ShakeNDry YachtRide ReadySetGo
ONeRV [3] 1.5M 30.80/0.8458 29.78/0.8568 33.69/0.9554 26.86/0.8016 28.76/0.8480 25.40/0.7727 21.34/0.7012
3M 31.75/0.8632 31.69/0.9015 37.14/0.9773 28.61/0.8357 31.56/0.9091 26.49/0.8123 23.04/0.7721

E-NeRV [2] 1.5M 31.28/0.8554  30.80/0.8809 37.27/0.9790 26.44/0.7907 32.14/0.9181 25.89/0.7932  21.58/0.7097
3M 32.65/0.8789  33.31/0.9281 38.81/0.9835 29.02/0.8372 33.68/0.9339  27.52/0.8485 23.74/0.7887

NeRV [5] 1.5M 31.39/0.8568 31.01/0.8900 34.57/0.9656 27.55/0.8120 30.13/0.8877 25.94/0.7967 21.90/0.7188
3M 32.26/0.8730  32.54/0.9191 36.47/0.9761 29.48/0.8473 31.83/0.9162 27.06/0.8362 23.36/0.7753

FENeRV [24] 1.5M 31.64/0.8607 30.14/0.8612 35.15/0.9681 28.93/0.8422 30.83/0.8978 26.00/0.7935 22.44/0.7420
3M 32.81/0.8816  32.50/0.9109 37.55/0.9797 31.41/0.8859 32.63/0.9242 27.54/0.8418 24.81/0.8222

HiNeRV [20] 1.5M 33.57/0.8947 35.54/0.9611 39.21/0.9844 32.25/0.8978 34.11/0.9386 29.38/0.8883 27.73/0.8991
3M 33.71/0.8987 37.43/0.9739  39.39/0.9849 34.71/0.9300 35.40/0.9543 30.39/0.9083 30.31/0.9362

HNeRV [5] 1.5M 31.96/0.8674  31.70/0.9000 37.87/0.9805 29.90/0.8652 32.87/0.9254 26.25/0.8062 24.00/0.8075
3M 32.84/0.8819 33.55/0.9306 38.72/0.9832 31.34/0.8841 33.62/0.9329 27.90/0.8577 25.72/0.8524

DiffNeRV [55] 1.5M 32.89/0.8794 32.57/0.9113 37.91/0.9793 31.01/0.8845 32.82/0.9222 27.53/0.8354 24.98/0.8309
33.63/0.8903  34.33/0.9372 39.19/0.9829 32.41/0.9001 34.07/0.9342 28.68/0.8669 26.50/0.8656

troduce some flexibility, and owing to the fact that the net-
work is already amenable to repeating and expanding the
weight token predictions, we introduce weight token mask-
ing, as shown in Figure 3. During training, for a number
of random samples governed by a masking ratio, we disre-
gard half of the weight tokens for each layer. The model
then learns to encode necessary information in the never-
masked portion of the weight tokens, and some information
for higher quality in the sometimes-masked half. At infer-
ence time, one can use all tokens for highest quality, or the
never-masked half for a 2x improvement in storage size.

4. Experiments

We run most of our experiments on the 7 videos from
the UVG dataset [34] listed in Table 1, always at 1080p
(10801920 resolution). Except for ShakeNDry, which has
300 frames, all videos have 600 frames. For our hyper-
network experiments, we train on the same 10,000 video
subset of Kinetics-400 [13] as in prior work [6], and we
test on a subset of UCF-101 [45] with 1 video per class.
For the hybrid methods HNeRV and DiffNeRYV, we imple-
ment PixelShuffle with rectangular strides to allow operat-
ing with images at 16:9 aspect ratios, instead of cropping
frames as in those papers. We train all INR methods with
the Adam optimizer [19], and a cosine annealing learning
rate scheduler. We run on single GPUs, and wherever we
benchmark wall-time, we use NVIDIA RTXA5000 GPUs.
Different GPUs could have different wall-times; however,
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Figure 4. Quality vs. wall time, for UVG HoneyBee (top) and
Jockey (bottom) at 1080p (Section 4.1).

we observe that the major trends in wall-time are consistent
with FLOPs. For bpp results, we use both the 1.5M and
3M parameter models, quantizing each to 8, 7, 6, 5, and 4
bits before arithmetic coding [33]. For more details, see the
Appendix.

We first verify our library’s efficacy with by reproduc-
ing results for existing methods in Section 4.1. We then
investigate the effectiveness of disentangled INR compo-
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Table 2. Weight Token Masking results. We sacrifice some qual-
ity at full bit-width for superior quality at the more important half
bit-width. We report bpp at 8-bit quantization.

Masking? # Params Metrics
Train Val Min Max PSNR MS-SSIM  bpp

N n/a  5.15k 5.15k 2322 0.6261 0.079
v v' 515k 103k 23.71 0.6451 0.079
v x 5.5k 103k 23.85 0.6492  0.157
X n/a 245k 245k 22.55 0.6011 0.037
v v’ 245k 490k 22.81 0.6130  0.037
v x 245k 490k 2293 0.6163 0.075

nents and suggest best principles for design in Section 4.2.
We further benchmark the performance of existing models
with short, medium, and long training times in Section 4.3.
We formulate a state-of-the-art configuration, RNeRYV, that
performs especially well for short (2 minutes) and medium
(30 minutes) encoding times. For even faster encoding, we
explore the use of hyper-networks and give results for our
novel weight token masking strategy in Section 4.4. Finally,
to better analyze what neurons from different NeRV meth-
ods learn in terms of both content and motion, we provide
XINC [37] analysis using our extended version of their li-
brary that we implement in Section 4.5.

4.1. Reproducing and Benchmarking Video INRs

We report reconstruction results for the set of video INR
methods we reproduce in our library in Table 1. We re-use
published configurations when possible, otherwise we per-
form extensive hyperparameter searches to find best con-
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Table 3. Hypo-network size results. We compare the 85.6k
parameter hypo-network from NeRV-Enc with a larger one. We
achieve better performance without increasing bitstream size.

# Params Quality FPS
Total Unique PSNR MS-SSIM Enc  Dec
85.6k 24.1k  25.29 0.7319 4455 6327
130k 24.1k 2592 0.7515 4206 717.1

figurations for 1.5M and 3M parameters. For example, we
adjust the FFNeRV expansion from 8§ to 4 to account for the
smaller size compared to the 12M parameter models in their
paper. When training methods at equal epochs and equal
decoder parameter counts, HiNeRV has the best results for
every video. In most cases, even the 1.5M parameter HiN-
eRV outperforms the competing methods at 3M parameters.
However, one must also consider the training time. We
provide quality-time results in terms of wall time in Fig-
ure 4 (see Appendix for epochs and FLOPs). HiNeRYV even-
tually achieves the best results, but requires significantly
more time than competing methods. While E-NeRV im-
proves on the speed of the original NeRV, FFNeRYV is faster,
while NeRYV is the fastest. This motivates two questions: (1)
which method is best with equal time, and (2) can we mix-
and-match method components for better results?

4.2. Investigating NeRV Design Decisions

We show some key ablations here, with more in the Ap-
pendix. We measure the impact of the position encod-
ing/stem choice on E-NeRV in Figure 5. We look at pa-
rameter distribution for NeRV in Figure 6 and the impact
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Figure 8. Quality vs. size, for HoneyBee
(top) and Jockey (bottom) at 1080p with
“short” training time (Section 4.3).

of adding skips and removing flow on FFNeRYV in Figure 7.
We also consider blocks (see Appendix), but find that the
FFNeRYV, E-NeRYV, and NeRV designs are roughly equiva-
lent, while HiNeRV blocks are challenging to train without
the other components of HiNeRV.

Based on these ablations, we first observe the promise of
the FFNeRV stem. From Figure 5, it achieves very strong
results on the Jockey video. In general, all other stems and
positional encodings considered are better than the origi-
nal E-NeRV stem and fixed positional encoding. We also
notice, from Figure 6, that distributing parameters to later
layers is helpful for performance. However, a key excep-
tion is doing this by changing the parameters, as in HNeRV,
which seems to generally be unhelpful. Additionally, redis-
tributing the parameters can dramatically increase training
times (with a nearly 2x gap between the original » = 2 and
r = 1.2), and must therefore be done with care. We ob-
serve that while the HiNeRV-style local skip helps FFNeRV
in Figure 7, it is quite expensive. We also find that omitting
flow warping saves time, with minimal quality penalty.

4.3. Optimizing NeRYV Designs for Time

Based on our findings in Section 4.2, we propose a time-
efficient alternative to existing models. The first is a combi-
nation of the other methods — we use the modified NeRV
blocks from FFNeRV, the feature grids and stemless ap-
proach of FFNeRYV, local skips and layer norms from E-
NeRYV, we change 7 from 2 to 1.2 for the 1.5M model and
1.4 for the 3M parameter model (necessary to preserve the
equal size) while reducing the first-layer expansion to 4 as
well. Notably we opt for the E-NeRV skip in spite of its
struggles in Figure 7; we hypothesize it requires the layer
normalization [2] to work well.

Figure 9. Quality vs. size, for HoneyBee
(top) and Jockey (bottom) at 1080p with
“medium” training time (Section 4.3).
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Figure 10. Quality vs. size, for Honey-
Bee (top) and Jockey (bottom) at 1080p
with “long” training time (Section 4.3).

We show results for existing NeRV configurations com-
pared to our proposed configuration, in terms of PSNR/bpp,
for encoding time equivalent to 20 NeRV epochs (short) in
Figure 8, 300 NeRV epochs (medium) in Figure 9, and 300
HiNeRV epochs (long) in Figure 10. As expected, HiNeRV
struggles at short and medium training times, although it
is notably sometimes better than E-NeRV and ONeRV. We
note that our configuration achieves the best results for both
Jockey and HoneyBee at short and medium training times.
Additionally, our configuration achieves the best results at
low bpp even for long training time. Due to the strength and
orthogonality of their individual contributions, when exist-
ing video INR methods are combined, they are worth even
more than the sum of their parts.

4.4. Hyper-network Improvements

While we call 2 minutes “short” encoding time for the
600 frame, 1080p UVG videos, this is nowhere near the
real-time encoding speeds that are desirable for many ap-
plications. By contrast, hyper-network methods can per-
form encoding with a single forward pass. However, hyper-
networks like NeRV-Enc do not come close to the quality-
size performance of other methods. To help solve this, we
introduce Weight Token Masking to enable hyper-networks
to encode videos with more adaptive bitstream lengths. We
show results in Table 2 for our improved HyperNeRV with
adaptive weight token masking, where masked tokens are
not stored, as described in Section 3. We achieve better
PSNR and MS-SSIM than the baseline NeRV-Dec networks
at equal bpp, and when we do not perform the masking on
those same networks (doubling the size), we get slightly
better quality. While such small improvements would not
justify the increase in size, this still signals a promising di-
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Figure 11. XINC contribution maps on 1080p Jockey. XINC dissects an INR to understand what parts of the visual signal are represented
by each neuron (2D convolution kernel). We show contribution maps for the last (head) layer, sorted by magnitude for ease of comparison.
Darker red corresponds to lower contribution from that kernel for that spatial location, while blue/purple corresponds to high contribution.
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Figure 12. XINC motion analysis for the last (head) layer, for
1080p Jockey. We show fluctuation in total kernel contributions in
response to motion between adjacent frames at various points in
the video. While HiNeRV’s changes are driven by fine differences
between frames, ONeRV exhibits much less structure.
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rection for exploration that we leave for future work.

We also examine the role of “shared parameters” (base
hypo-network size) in Table 3. We can increase the size
of the hypo-network for significant improvements to MS-
SSIM and PSNR at equal bpp. Future work on hyper-
networks ought to focus even more on the hypo-network
design, optimizing the design of the base hypo-network to
be as large as is useful (since it can be “installed” with the
algorithm) while allowing the unique parameters to be as
small as possible (since these are actually stored per-clip).

4.5. Analysis

We finally perform some qualitative analysis to better
understand the different NeRV methods. We extend
XINC [37] to dissect and analyze representations not just
from NeRYV, but also for other NeRV variants in this paper,
including hypo-NeRV (see the Appendix). We show con-
tribution maps for their head (last) layers in Figure 11. We
observe that ONeRV stands out compared to other methods
with many kernels in the head layer giving low, near-zero
contributions. Notably HiNeRV has many maps without as
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much contrast as those from other methods.

In Figure 12 we show how the different networks han-
dle motion, by taking the differences in total contributions
(all maps summed) for adjacent frames. Notably the best
method, HiNeRYV, seems to have very structured changes,
focusing specifically on adapting contributions for the fine
details that change between frames. By contrast, FFNeRYV,
perhaps due to its flow-warping constraint, has contribution
changes more spread out spatially. In general the weaker
method, ONeRYV, noticeably has less structured changes due
to the motion between frames. For further analysis, includ-
ing for hypo-networks, see the Appendix.

5. Conclusion

We have provided a new library which integrates NeRV-like
methods to allow for the disentangling of their components,
and the assembly of superior, time-optimal NeRVs. We
have distilled the principles necessary for the creation of
such networks and proposed a highly effective novel con-
figuration. We proposed Hyper-network innovations for
smaller hypo-networks with better quality, namely weight
token masking and allocating additional base parameters for
the hypo-network. We extended XINC to analyze how these
networks represent content and motion in videos.
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