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Abstract

Implicit neural video representations offer compact, continuous alternatives to
conventional codecs, but higher reconstruction fidelity typically requires more
computation per decoded frame. We introduce NIKA, which shifts video-specific
capacity from the decoder into a structured latent state, allowing reconstruction
quality to scale with latent expressivity while keeping active decoding lightweight.
NIKA constructs this state from complementary spatial, spectral, and temporal
bases, then decodes it with lightweight ConvNeXt-style convolutional upsam-
pling. On UVG, a 2.91M-parameter NIKA model achieves 33.33 dB PSNR at 462
decoding FPS with 4.5G MACs on an RTX A5000, outperforming comparable
single-resolution NeRV-family baselines while using 39-51 x fewer MACs. Ab-
lations show that diversifying latent components improves reconstruction more
reliably than reallocating capacity within a single component, and qualitative anal-
ysis reveals specialization among components. Together, these results identify
structured latent diversity as a practical alternative to scaling decoder complexity
for high-fidelity, efficient neural video representation.

1 Introduction

Efficient representations of high-dimensional signals remain a central challenge in machine learning,
particularly for video, where spatial detail, temporal coherence, and high data rates impose competing
demands on storage efficiency, decoding speed, and reconstruction quality. Conventional video
codecs achieve strong rate—distortion performance through decades of hand-engineered design
[23}125], but their specialized structure can limit adaptability beyond narrowly defined signal classes.
Neural representations offer a flexible alternative, yet identifying architectures that achieve favorable
quality—efficiency trade-offs remains an open problem.

Implicit neural representations (INRs) model signals as continuous functions parameterized by
neural networks [7, 16} 22]]. For video, early frame-wise INR methods such as NeRV and E-NeRV
map a temporal coordinate directly to a reconstructed frame using a learned decoder [5 [11]. This
formulation enables fast full-frame reconstruction, but existing improvements in fidelity typically
come from increasing decoder capacity, adding hierarchical decoding stages, or introducing more
expensive spatial processing [6, 9L |10} 27]]. As a result, reconstruction quality and per-frame decoding
cost remain tightly coupled.

This work is motivated by a different scaling strategy: shifting video-specific capacity from the
decoder into a structured latent state while keeping the active decoder path lightweight. This strategy
reflects the heterogeneity of video structure: global layout, localized detail, oscillatory texture, and
temporal variation are not equally compact in a single representational form. A purely convolutional,
spectral, grid-based, or low-rank representation may capture some aspects of the signal efficiently
while representing others inefficiently [2, 4, [12| [14) [17]. This suggests an alternative to scaling
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a single decoder: allocate capacity across complementary latent components, each with different
inductive biases, and use a lightweight decoder primarily as a shared readout.

We introduce NIKA (Neural Implicit Component Assembly), a neural video representation that
constructs frames from a structured latent state composed of multiple complementary components,
including low-rank spatial factors, spectral features, grid-based components, and lightweight temporal
operators. The latent state serves as the primary video-specific representation, while the decoder
remains nearly fixed across model scales. As a result, reconstruction quality can improve through
increased latent expressivity with minimal impact on active per-frame decoding cost.

Empirically, NIKA achieves strong quality—speed trade-offs on standard neural video benchmarks.
At comparable parameter counts, it outperforms single-resolution NeRV-family baselines while
using substantially fewer MACs and maintaining much higher decoding speed. Parameter-matched
ablations show that the full mixed representation substantially outperforms variants restricted to
real/spatial, complex/spectral, Tucker-factorized, or grid-based components, indicating that the gains
are not explained by parameter count alone. Qualitative analysis further shows that these components
contribute distinct image structures. Together, these results support structured latent diversity as a
practical alternative to scaling decoder complexity.

The primary contributions of this work are summarized below:

* Structured multi-component video representation. We introduce NIKA, which constructs
a latent representation from complementary low-rank, spectral, grid-based, and temporal
structures.

* Latent-centric scaling. NIKA shifts video-specific capacity into a structured latent state,
allowing reconstruction quality to scale while keeping the active decoder path lightweight.

* Empirical analysis of representational composition. Through parameter-matched ab-
lations and visualizations, we show that mixed latent components outperform restricted
variants and exhibit qualitative specialization.

* Open-source implementation. We release training, evaluation, and visualization code to
support reproducibility.

2 Related Work

Neural video representations differ along several architectural axes, including query structure, spatial
hierarchy, and allocation of per-video capacity. Pixel-wise methods model a coordinate function
fo(x,y,t), recovering each frame by densely evaluating spatial coordinates. Frame-wise methods
instead learn a map Fy : [0, 1] — RZ>W >3 that decodes an entire frame from a temporal coordinate
t. Within frame-wise methods, models further differ in whether they use single-resolution or multi-
resolution features, explicit motion or flow aggregation, learned embeddings, or hierarchical decoding
stages. We focus on fixed-resolution, frame-wise representations as the closest comparison class for
studying how per-video capacity allocation affects the quality—efficiency trade-off.

2.1 Pixel-wise Representations

Pixel-wise approaches instantiate the coordinate-function view fy(z,y, t), representing a video as a
continuous mapping from spatiotemporal coordinates to pixel values. Coordinate networks provide
a flexible representation for continuous signals [22], while flow-based variants such as CoordFlow
adapt this idea to video by learning coordinate transformations that account for motion [21]]. This
formulation can produce high-fidelity reconstructions, but it requires dense spatial evaluation to
recover each frame. Consequently, decoding cost scales with the number of output pixels, creating a
different quality—efficiency trade-off from frame-wise methods that generate an entire frame in one
forward pass.

2.2 Frame-wise Representations

Frame-wise methods learn Fy(t), decoding an entire frame from a temporal coordinate. NeRV
introduced this formulation with a convolutional decoder [3]], and E-NeRV improved the spatial—
temporal factorization of the representation [11]. Subsequent methods improve reconstruction quality
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Figure 1: NIKA architecture. Given a normalized time coordinate ¢t € [0, 1], the Structured
Latent Block constructs ¢’ (t) from a learned feature grid, a real-valued Tucker factorization, and
Fourier-domain components. A lightweight decoder refines ¢’(t) using FILM-conditioned temporal

convolution operators over neighboring latent states, producing qg(t) A ConvNeXt-style PixelShuffle
upsampler maps ¢(t) to the reconstructed frame V'(¢).

through richer active reconstruction paths: HNeRV and HiNeRV introduce hybrid or hierarchical
encodings [6l 9], FFNeRV incorporates flow-guided aggregation [[10], and multi-scale variants add
additional spatial hierarchy [27]. These approaches substantially improve reconstruction quality
over early frame-wise models, but their gains often come from adding decoder capacity, hierarchy,
aggregation, or multi-resolution processing that remains active at inference time. Consequently, even
frame-wise methods can require tens to hundreds of GMACS per frame at high resolution, and the
strongest variants may trade decoding speed for fidelity. This reflects the central trade-off studied in
this work: frame-wise methods avoid dense coordinate evaluation, but quality improvements remain
closely tied to the cost of the active reconstruction path.

2.3 Structured and Factorized Representations

A complementary line of work studies how representational structure affects approximation efficiency.
Fourier-domain representations encode signals through frequency structure, making them natural for
smooth, periodic, or globally correlated components [2} [12]]. Grid-based encodings store spatially
organized features that can be queried efficiently and processed with local operations, making them
effective for high-frequency detail and spatially localized variation [17]]. Low-rank and tensor-
factorized representations compactly model correlations across dimensions by decomposing high-
dimensional signals into structured factors [4]. More broadly, classical approximation theory and
empirical operator-learning benchmarks both suggest that different representational biases can be
effective for different signal classes and dynamics [3| [14} [18]].

These approaches impose different inductive biases, but are often adopted as a single dominant
representational form or combined serially through conditioning, modulation, or decoder processing
[19]. In contrast, NIKA composes multiple structured components inside the per-video latent state,
allowing low-rank, Fourier-domain, and grid-based components to contribute complementary capacity
before a shared lightweight readout.

3 Method

NIKA represents a video as a continuous function of normalized time ¢ € [0, 1]. Rather than storing
video-specific information primarily in a large decoder, NIKA moves most representational capacity
into a structured latent state and uses a lightweight shared decoder to reconstruct frames. The
architecture has two main stages, shown in Figure[T} a Structured Latent Block that produces a latent
representation ¢’ (), and a lightweight decoder that applies temporal latent refinement followed by

ConvNeXt-style [13] upsampling to produce the reconstructed frame V(t)



3.1 Structured Latent Block

The Structured Latent Block constructs a latent feature field ¢’(¢) at latent spatial resolution Hy, x W.
It combines complementary real-valued and Fourier-domain components, each designed to capture
different structure in the video signal. The real branch captures low-rank spatiotemporal structure and
static spatial detail, while the Fourier branch captures oscillatory and convolutional structure through
learned spectral modulation.

Real-valued branch. The real-valued branch consists of a time-dependent Tucker component and
a learned feature grid. We parameterize a latent tensor
X c RT¢XC¢XH¢XW¢
using a Tucker factorization [8]]:
X ~Gx1Ur x2Uc x3 U x4 Uw,

where G € RErxRoxRuxRw ig g learned core tensor and Ur, Uc, U, Uy are learned factor
matrices. For a continuous time ¢, we interpolate the temporal factor Uz and contract the factorization
to obtain

¢tucker (t) € Rcd) X Hox Wy .

To represent spatially localized or persistent content, we also learn a feature grid
G c RCGXH¢XW¢’
which is projected to Cy channels when needed:
¢grid(h/7 w) = VVGG(:7 h, w) + ba.

In our implementation, this grid is time-independent and therefore provides an efficient representation
for static or slowly varying structure.

The real-valued branch output is thus given by:
¢real(t) = concat (¢g‘rida (btucker(t)) .

Fourier-domain branch. The Fourier branch mirrors this structure in the spectral domain. We
parameterize a complex-valued half-plane tensor

X e CT¢xc¢xH¢xW;’

where W(;' = |Wy/2] + 1 is the non-redundant Fourier width used by the real inverse FFT. As in

the real branch, X is represented by a complex Tucker factorization. Interpolating its temporal factor
at time ¢ and contracting the factorization gives

ot CyxHyxW;F
¢tucker(t)€(c o X Ho X @

We also learn a complex Fourier grid
A CaxHyxWi
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which is projected to C'y channels to produce gzggrid. The Fourier branch combines the time-dependent
spectral Tucker component with the learned spectral grid using elementwise multiplication:

Q‘gspec(t) = Q;tucker(t) O] (ggrid-

The corresponding real-valued spatial feature map is recovered with an inverse real FFT:
Pspec(t) = IRFFT (¢spec(t)).

Elementwise multiplication in the Fourier domain corresponds to convolution in the spatial domain,
so the spectral branch acts as a structured mechanism for spatial mixing. This gives the model a
complementary basis for representing periodic, oscillatory, and globally coupled structure.



Latent composition. The final output of the Structured Latent Block is obtained by concatenating
the real and spectral components followed by normalization:

#'(t) = GN (concat (freal(t), dspec (t))) )

where GN denotes Group Normalization [26]. Since ¢rea1(t) contributes 2Cy channels and ¢gpec (t)
contributes C'y channels, the resulting latent has shape

d)/(t) c R3C¢XH¢XW¢'

3.2 Lightweight Decoder

The lightweight decoder maps the structured latent state to a reconstructed frame. It consists of
two stages: temporal latent refinement, which applies FiLM-conditioned convolutional operators to
neighboring latent states, and a ConvNeXt-style PixelShuffle [20] upsampler, which maps the refined
latent to RGB space. In our reported models, the active reconstruction path uses small hidden widths,
with the ConvNeXt upsampler and temporal operators typically using hidden dimension 48. This
keeps per-frame computation low relative to decoder-heavy neural video representations, while most
video-specific capacity resides in the structured latent state and segment-local copies.

Temporal latent refinement. For a temporal offset A¢, we form an operator input by combining
the current latent with a neighboring latent:

zad(t) = concat (¢ (t), ¢/ (t + At)),
and analogously

z_ai(t) = concat(¢'(t), ¢/ (t — At)).

Each offset has a lightweight temporal convolution operator ©_a;, which produces a residual
correction in latent space:

O04at(t) =O4as (Z+At (t);y(t+ At»’

G-ai(t) = O—ar(z-act);y(t — A)).
Here ~(+) is a learned Fourier time encoding used to generate FILM [19] modulation parameters for
the corresponding temporal convolution.

We compute the time encoding as
A7) = |7, {eosun)HSs, {sin(wr) L)

where the frequencies {), } are learned. The resulting encoding modulates the convolutional operator
through FiLM parameters, allowing each temporal operator to adapt to the queried time.

The temporally refined latent is computed additively:

S = () + 3 saclt).
AteS
The offset set S is configurable. In the reported experiments, we use one forward and one backward
offset, S = {+At, —At}, which provides local temporal context while keeping the active decoder
path small.

At video boundaries, we avoid explicit masking by using virtual temporal padding. The internal latent
timeline includes additional learned positions beyond the first and last frame, allowing boundary
frames to query neighboring latent states without special-case masked operators. These virtual
positions are optimized jointly with the rest of the segment-local latent parameters and are only used
to provide neighbor context for boundary queries.

ConvNeXt upsampling. The refined latent é(t) is decoded into the reconstructed frame:

V(t) = D(o(t))-
The decoder D is a compact ConvNeXt-style upsampling network. It projects the latent features
into a hidden channel space, applies depthwise spatial convolution, channel-wise normalization, and
pointwise MLP mixing in a residual ConvNeXt block, then projects to subpixel output channels.
PixelShuffle converts these subpixel channels into the final RGB frame.



3.3 Segmented Scaling

NIKA scales model capacity by partitioning a video into temporal segments and assigning each
segment an independent copy of the same base architecture. A global frame time ¢ is routed to
a segment index j and converted to a local normalized time ¢;. The reconstructed frame is then
produced by the corresponding segment-local model:

V(t) = V;(t;).

This segmented construction increases stored per-video capacity without increasing the active compu-
tation required to decode any individual frame. Only one segment-local model is evaluated for each
query, so the active per-frame path remains fixed as the number of segments grows. In our scaling
experiments, larger parameter budgets are obtained primarily by adding segment copies rather than
by increasing Tucker ranks, hidden widths, or decoder depth. Thus, total stored capacity can grow
while the per-frame reconstruction path remains approximately constant.

Segmentation is deliberately simple. Segment-local functions are not constrained to agree as contin-
uous functions at arbitrary boundary times; however, evaluated video frames are routed to exactly
one segment-local model. As a result, segmentation does not introduce ambiguity in the recon-
structed frame sequence used for training or evaluation. More sophisticated boundary-aware or
parameter-sharing segment constructions are possible, but we leave them to future work.

4 Experiments

Our experiments test the central premise of NIKA: that video-specific capacity can be shifted from
expensive active decoders into structured latent representations while maintaining or improving
reconstruction quality. We evaluate this claim along three axes: quality—efficiency trade-offs against
single-resolution frame-wise neural video baselines, scaling behavior as stored capacity increases
while active per-frame computation remains fixed, and ablations that distinguish latent component
diversity from simply adding more parameters to one representational form.

4.1 Datasets and Evaluation Protocol

We evaluate on two commonly used benchmarks for neural video representations: the UVG dataset
(made available by the Ultra Video Group under a CC-BY-NC 4.0 license) [15] and the Big Buck
Bunny (Bunny) dataset (made available by the Blender Foundation under the CC-BY-3.0 license) [1].
UVG contains seven 1920x 1080 videos, while Bunny contains 132 frames at 1280720 resolution.
Following prior work, we train a separate model for each video sequence.

We compare against representative single-resolution, frame-wise NeRV-family video representations,
including NeRYV, E-NeRV, HNeRYV, and FFNeRV. These methods are the closest comparison class
because they decode full frames from temporal inputs rather than evaluating a coordinate network
independently at each pixel, and because they avoid multi-resolution or patch-wise reconstruction
schemes. We report reconstruction quality using PSNR, model size in parameters, computational cost
in MACs, and encoding/decoding throughput in frames per second (FPS).

Following the evaluation setup used by HiNeRYV, we evaluate XXS/XS/S scales on Bunny and S/M/L
scales on UVG. At each scale, we match model parameter counts as closely as possible. For baseline
methods, we use the parameter counts, MACs, and PSNR values reported by HiNeRV. Because
throughput is highly hardware- and implementation-dependent, we remeasure encoding and decoding
FPS for available public implementations on our hardware using batch size 1. This keeps quality
and architecture-level comparisons tied to the published configurations while making throughput
comparisons hardware-consistent. For NIKA, parameter counts, MACs, PSNR, and throughput are
measured directly from our implementation under the same timing protocol.

4.2 Implementation Details

All NIKA models are implemented in PyTorch. We optimize reconstruction quality directly using a
PSNR-based objective, which we find stable in our setting. Optimization is performed using SOAP
[24] with a plateau-based learning-rate schedule.



Model Size MACs Encoding FPS ~ Decoding FPS PSNR

NeRV 0.83M/1.64M/3.20M  25G/57G/101G ~ 58.9/52.7/35.8 591/276/114 26.82/29.61/32.56
E-NeRV  0.88M/1.65M/3.31M  26G/101G/104G  42.6/36.8/25.6 110/94.6/75.3 29.03/31.75/36.69
HNeRV  0.82M/1.66M/3.28M 23G/48G/94G 38.3/33.8/24.3 279/182/101 31.08/33.68/36.95
FFNeRV  0.91M/1.66M/3.19M  26G/58G/102G  38.9/38.2/37.4 173/172/171 30.37/33.83/37.01
NIKA 0.81M/1.62M/3.24M  2.0G/2.0G/2.0G  229/229/229  1010/1010/1010  35.92/37.97/39.61

Table 1: Video representation results on Bunny at XXS/XS/S scales. NIKA increases stored capacity
across scales while keeping active per-frame MACs fixed.

NIKA models are trained for 2000 epochs. Although this is more epochs than the 300 epochs
commonly used in prior NeRV-family work, NIKA has substantially higher encoding throughput,
so the resulting wall-clock training cost remains comparable. We report encoding FPS alongside
reconstruction quality to make this trade-off explicit.

NIKA scales primarily through segmentation rather than through larger active decoders. For Bunny,
the XXS/XS/S models use 1, 2, and 4 copies of the same base architecture, respectively. For UVG,
the S/M/L models use 2, 4, and 8 copies. Since each frame is routed to a single segment-local model,
this increases stored per-video capacity while keeping active per-frame computation fixed.

Encoding and decoding throughput are measured at batch size 1 over full-sequence inference and
exclude host-device data transfer overhead. Public implementations and published configurations
vary in precision, preprocessing, cropping, and quantization settings; we therefore release timing
scripts and Docker containers used for baseline benchmarking to support reproducibility.

4.3 Main Results

Tables [T] and [2] report results on Bunny and UVG. Across both datasets, NIKA improves the quality—
efficiency trade-off relative to the evaluated single-resolution, frame-wise NeRV-family baselines: it
matches or exceeds their reconstruction quality while using substantially fewer MACs and achieving
higher measured decoding throughput.

On Bunny, NIKA improves PSNR at every evaluated scale while keeping active computation fixed
at approximately 2.0G MACs per decoded frame. At the largest scale, NIKA reaches 39.61 dB
PSNR with 3.24M parameters, compared to 37.01 dB for FFNeRV and 36.95 dB for HNeRV at
similar parameter counts. NIKA also decodes at 1010 FPS, exceeding the fastest measured baseline
throughput at the same scale.

On UVG, NIKA shows the same behavior at higher resolution. At the 3M-parameter scale, NIKA
achieves 33.33 dB average PSNR with 4.5G MACs, compared to 32.68 dB for HNeRV with 175G
MACs and 32.63 dB for FFNeRV with 228G MACs. This corresponds to a 39-51x reduction in
MAC:s relative to these comparable baselines while improving average reconstruction quality. As
stored capacity increases, NIKA improves from 33.33 dB to 34.51 dB and 35.72 dB while keeping
active per-frame MACs fixed.

These results support the central scaling hypothesis of NIKA: high-quality reconstruction does not
require proportionally scaling the active decoder.

4.4 Ablation Study

We next evaluate whether NIKA’s performance arises from combining complementary latent com-
ponents rather than simply increasing parameter count. Table [3|reports approximately parameter-
matched ablations on Bunny at the 3M-parameter scale. Each ablation removes or restricts one aspect
of the full model while keeping the overall parameter count close to the reference setting.

The full NIKA model achieves the best reconstruction quality. Replacing segmented scaling with
a single model copy reduces PSNR from 39.61 dB to 38.54 dB, indicating that increasing stored
capacity through segmentation contributes substantially while keeping active per-frame computation
fixed. Removing temporal operators reduces PSNR to 38.49 dB, showing that latent-space temporal
refinement provides a similarly sized contribution.



Model Size MACs FPS Beauty Bosph. Honey Jockey Ready Shake Yacht Avg.

NeRV 3.31IM 227G 15.1/49.3  32.83 32.20 38.15 30.30 23.62 3324 2643 30.97
E-NeRV ~ 3.29M 230G 16.4/52.2  33.13 33.38 38.87 30.61 24.53 3426 26.87 3175
HNeRV 3.26M 175G 11.9/41.5  33.56 35.03 39.28 31.58 25.45 3489 2898  32.68
FFNeRV  3.40M 228G 18.1/83.1 33.57 35.03 38.95 31.57 2592 3441 2899 32.63
NIKA 29IM 4.5G 88.7/462 33.58 35.46 39.19 32.91 27.14 3559 2942 3333

NeRV 6.53M 228G 8.5/29.6 33.67 34.83 39.00 33.34 26.03 3439 2823 3278
E-NeRV  6.54M 245G 11.1/38.7  33.97 35.83 39.75 33.56 2694 3557 2879 3349
HNeRV 6.40M 349G 5.5/17.5 33.99 36.45 39.56 33.56 27.38 3593 3048 3391
FFNeRV  6.44M 229G 16.7/75.8  33.98 36.63 39.58 33.58 27.39 3591 3051 33.94
NIKA 5.82M 4.5G 88.7/462 33.97 36.87 39.31 34.98 29.24 3636 30.83 34.51

NeRV 13.01IM 230G 3.8/12.9 34.15 36.96 39.55 35.80 28.68 3590 30.39 3449
E-NeRV  13.02M 285G  8.23/24.7 3425 37.61 39.74 35.45 29.17 3697 30.76 34.85
HNeRV 12.87M 701G 2.8/9.8 34.30 37.96 39.73 35.47 29.67 3716 3231 3523
FFNeRV  12.66M 232G 12.3/53.7  34.28 38.48 39.74 36.72 30.75 37.08 3236 35.63
NIKA 11.4M 4.5G 88.7/462 34.25 38.33 39.41 36.70 31.66 37.13 32,59 35.72

Table 2: Video representation results on UVG at S/M/L scales. FPS denotes encoding/decoding
speed. NIKA improves average PSNR across scales while keeping active per-frame MACs fixed.

Variant Params PSNR A PSNR
Full model, single segment 2.96M  38.54 -1.07
No temporal operators 3.07M  38.49 -1.12
Real/spatial only 3.17M  37.51 -2.10
Complex/spectral only 2.80M 3736 -2.25
Grid components only 299M 3476 -4.85
Tucker components only 298M  33.61 -6.00
Full NIKA 3.24M  39.61 -

Table 3: Ablation study on Bunny using approximately parameter-matched 3M-parameter variants.
Restricted variants underperform the full model, indicating that reconstruction quality benefits
from combining complementary representational domains, parameterization types, and temporal
refinement.

Restricting the latent state to a single representational family causes larger degradation. Real/spatial-
only and complex/spectral-only variants lose more than 2 dB relative to the full model, while
grid-only and Tucker-only variants lose 4.85 dB and 6.00 dB, respectively. These results indicate
that reconstruction quality depends on combining complementary representational domains and
parameterization types rather than allocating parameters to a single latent structure.

Together, these ablations support the central design hypothesis of NIKA: structured latent diversity and
lightweight temporal refinement both improve reconstruction, while the strongest performance comes
from combining multiple complementary latent components within a scalable stored representation.

4.5 Qualitative Component Analysis

Figure [2| visualizes isolated latent components across UVG sequences. Each component family
exhibits recurring visual structure across diverse videos, suggesting a stable representational role
rather than an arbitrary decomposition. Together with Table 3| these visualizations support the view
that NIKA benefits from latent components with complementary inductive biases.

5 Limitations

NIKA is evaluated in the standard per-video neural representation setting, where a separate model is
optimized for each video sequence. While this enables high-fidelity reconstruction and controlled
study of representation structure, it does not address generalization across videos or streaming
adaptation. Extending structured latent representations to shared or amortized settings remains an
important direction for future work.
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Figure 2: Qualitative latent-component visualizations on UVG. Columns show selected UVG frames;
rows show the full NIKA reconstruction followed by isolated real grid, real Tucker, spectral grid, and
spectral Tucker components. Components exhibit recurring structural patterns across videos. Frames
are selected for visual interpretability.

Our comparisons focus specifically on single-resolution, frame-wise neural video representations.
We do not compare directly against pixel-wise INR methods, multi-resolution spatial hierarchies,
or hybrid codec architectures, which explore different trade-offs between reconstruction quality,
flexibility, and computational cost. Likewise, segmented scaling in NIKA is intentionally simple and
does not enforce continuity or parameter sharing across segment boundaries.

Although NIKA achieves low active per-frame MAC counts, practical throughput at these operating
points is increasingly influenced by framework and kernel-launch overhead rather than arithmetic
cost alone. The current implementation does not use quantization or specialized inference kernels,
leaving additional efficiency optimization as future work.

Finally, our experiments are limited to the UVG and Bunny benchmarks. While these datasets are
widely used in prior neural video representation work, they cover a relatively narrow range of scene
diversity and motion complexity. Evaluating structured latent representations on larger and more
varied video distributions remains an important area for future study.

6 Conclusion

We introduced NIKA, a neural video representation that shifts video-specific capacity from the
active decoder into a structured latent state composed of complementary components. By combining
low-rank, spectral, grid-based, and temporal structures with a lightweight reconstruction path, NIKA
improves the quality—efficiency trade-off for single-resolution frame-wise neural video representation.

Across standard benchmarks, NIKA matches or exceeds comparable NeRV-family baselines while
using substantially fewer MACs and maintaining high measured decoding throughput. Scaling
experiments show that reconstruction quality can improve as stored capacity increases, even when
active per-frame computation remains fixed. Ablations further indicate that these gains depend on
combining complementary latent components rather than concentrating parameters into a single
representational form.

These results suggest that efficient neural video representation need not rely primarily on increasingly
expensive decoders. Instead, structured latent diversity provides a practical scaling axis for high-
fidelity reconstruction. More broadly, NIKA points toward compositional latent representations as a
promising direction for efficient modeling of high-dimensional signals beyond video.
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A Model Configurations

Table []reports the primary NIKA configurations used for scaling experiments. Table [S|reports the
restricted variants used in the ablation study. Table [6]reports the shared optimization settings. Tucker
ranks are listed as [R¢, Ry, Rw, Rr]. Unless otherwise noted, all models use one temporal operator
step and decoder/operator hidden dimension 48. For Bunny experiments, grid channels are doubled
relative to the listed base configuration to account for the lower spatial resolution and target parameter
scale.

Config Grid ch. Real Tucker ranks  Spectral Tucker ranks  Segments Decoder/op. hidden
XXS 2 2, 40,40, 40 2,30, 30,30 1 48/48
XS 2 3,50, 50, 50 3,40, 40,40 1 48/48
Small 4 3,75,75,60 3,60, 60,40 1 48/48
Medium 8 3,90,90, 70 3,75,75,60 1 48/48
Large 16 [4,100, 100, 100] 4,80, 80,80 1 48/48
XXS1 2 2,40, 40,40 2,30, 30, 30 1 48/48
XXS2 2 2,40, 40,40 2,30, 30,30 2 48/48
XXS4 2 2,40, 40, 40 2,30, 30,30 4 48/48
XS2 2 3,50, 50, 50 3,40,40,40 2 48/48
XS4 2 3,50, 50, 50 3,40,40,40 4 48/48
XS8 2 3,50, 50,50 3,40,40,40 8 48/48

Table 4: Primary NIKA model configurations. Segmented variants use repeated copies of the same
base architecture, with only one segment-local model evaluated per decoded frame.

Config Grid ch.  Real Tucker ranks  Spectral Tucker ranks  Spectral grid ch.  Segments/op. steps
XXS4-noop 2 2,40, 40, 40] 2,30, 30, 30] 2 4/0
XXS4-real 4 2,50, 50, 50] - - 471
XXS4-complex — — [3, 40, 40, 40] 4 4/1
XXS4-tucker - 2,50, 50, 50] 3,40, 40, 40] - 4/1
XXS4-grid 3 - - - 4/1
Table 5: Ablation configurations used for the parameter-matched Bunny study. “-~” indicates that the
component is disabled. Decoder and operator hidden dimensions are 48 for all variants.
Setting Value
Optimizer SOAP
Objective PSNR objective, computed from frame MSE with e = 1078
Initial learning rate 1072

Learning-rate schedule
Schedule factor / patience
Schedule threshold / cooldown
Minimum learning rate
Training epochs

ReduceLROnPlateau on epoch PSNR
0.5 /40 epochs

0.015 /20 epochs

2x107°

2000

Batching Sequential frame batches within each temporal segment
Checkpoint selection Best epoch PSNR, with checkpoints saved at least 10 epochs apart
OOM handling Batch size is halved and the epoch is retried

Table 6: Shared training settings used for NIKA experiments.

B Benchmarking and Reproducibility

Throughput benchmarking for neural video representations is sensitive to implementation details,
hardware, precision, batch size, input resolution, and preprocessing conventions. Public codebases
also vary in whether they provide reference configurations at the exact resolutions and model scales
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used in published comparisons. In some cases, reproducing published settings requires adapting
implementations to non-default resolutions or reconciling differences in data loading and batching.

For baseline methods, we report PSNR, parameter counts, and MACs from published configurations,
then remeasure encoding and decoding throughput for available public implementations on a shared
hardware/software setup using batch size 1. For NIKA, all reported values are measured directly
from our implementation under the same timing protocol. We release benchmarking scripts and
Docker containers for these runs. FPS should therefore be interpreted as an implementation- and
hardware-specific measurement, while MACs provide a complementary estimate of active per-frame
computation.

C Optimization Variability

Per-video neural representation differs from supervised prediction settings because each model is
optimized to reconstruct a fixed video sequence rather than to generalize across held-out examples.
The most relevant stochastic variation is therefore optimization variability from initialization and
training dynamics. To estimate this effect, we train five NIKA models on Bunny using the same XXS4
configuration for 300 epochs with different random seeds. These runs are shorter than the 2000-epoch
models used in the main benchmark tables and are intended to measure short-run optimization
stability rather than replace the final reported results.

Seed Best PSNR Final PSNR  Best epoch
41 37.16 37.14 296
42 37.22 37.22 300
43 36.91 36.89 296
44 37.45 37.36 294
45 37.25 37.25 300

Mean £+ std.  37.20+0.19 37.17+£0.18 -

Table 7: Optimization variability on Bunny over five 300-epoch runs using the same NIKA XXS4
configuration and different random seeds. These runs measure sensitivity to initialization and short-
run training dynamics, and are shorter than the 2000-epoch runs used for the main benchmark results.

D Additional Qualitative Examples

Figure [3 shows component visualizations for frames sampled at temporal segment boundaries in
the Beauty sequence. The full NIKA reconstructions remain visually coherent across segments,
while isolated component views exhibit stronger segment-local variation. At the same time, each
component family retains a recognizable structural character, suggesting that segment-local models
can adopt different local coding conventions while preserving stable high-level representational roles.

E Broader impacts

NIKA targets efficient reconstruction of existing videos rather than generation, recognition, or
decision-making. Its potential benefits include lower storage, bandwidth, and decoding costs for
video archives and media delivery. At the same time, more efficient video representation could
indirectly reduce the cost of storing or transmitting large video collections, including in privacy-
sensitive or surveillance settings. Deployment on private or sensitive video should follow the consent,
privacy, and retention constraints appropriate to that data.
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Figure 3: Segment-boundary component visualizations for the Beauty sequence. Columns show
frame indices sampled at segment boundaries. The top row shows the corresponding full NIKA
reconstructions, while the lower rows show isolated Real Tucker and Spectral Tucker components.
Although isolated component appearance varies across segments, each component family retains a
recognizable structural character.
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* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.
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address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
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judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: The paper is primarily methodological and empirical, and it does not present
formal theorems that would require associated assumptions and proofs.
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* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

» Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The architecture is described in detail in Section 3. In addition, an open-source
implementation is available as part of the supplemental material and will be made available
via GitHub after the review process.
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* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
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dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: An open-source implementation is available as supplemental material and
includes scripts to reproduce the main result tables.

Guidelines:

The answer [N/A]| means that paper does not include experiments requiring code.

Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

While we encourage the release of code and data, we understand that this might not
be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
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schedule, module hyperparameters, evaluation metrics, and parameter counts..

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: To provide the reader with an estimate of inter-run variance and sensitivity to
initialization, we report results of 5 training runs on the Bunny dataset in the appendix.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Experiments were run primarily on a local workstation with two 24GB NVIDIA
RTX A5000 GPUs, with throughput measurements reported on a single RTX A5000. A
small number of supplementary benchmarking/debugging runs were performed on rented
A100 instances, totaling approximately $100 of cloud compute. We report training epochs,
encoding/decoding FPS, and model sizes to characterize the practical compute cost.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.
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* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: To the best of our knowledge, the research conforms to the Neur[PS Code of
Ethics. The work uses standard benchmark video datasets and offline experiments without
human subjects or sensitive personal data.

Guidelines:
e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
* If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Appendix E discusses the main potential impacts: lower storage and trans-
mission costs, and the corresponding privacy risk if efficient representation is applied to
sensitive video.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
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Justification: As our research is limited to video compression, it has low risk for misuse
and is not in the same risk category as research on video generation where synthesis of
misleading content is a real concern.

Guidelines:

e The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: The UVG dataset used for experiments in this paper is made available by the
Ultra Video Group under a non-commercial Creative Commons BY-NC 4.0 license which is

documented in Section 4.1. The Big Buck Bunny dataset is made available by the Blender
Foundation under the Creative Commons Attribution 3.0 license.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
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* Researchers should communicate the details of the dataset/code/model as part of their
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limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.
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Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
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