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Abstract

Implicit neural representations (INRs) have recently
emerged as a powerful paradigm for video modeling, rep-
resenting videos as continuous functions parameterized by
network weights rather than storing raw pixels or latent
codes. However, most existing video-INR methods still rely
on pixel-wise supervision (MSE or ℓ1), which—through the
lens of variational inference—implicitly assumes Gaussian
or Laplacian reconstruction noise. We show that such as-
sumptions are statistically misaligned with per-video char-
acteristics, where reconstruction errors are highly struc-
tured and temporally correlated in real-world videos. We
argue that INRs, by their sequence-specific nature, are in-
herently better suited to perceptual rather than pixel align-
ment. To validate this perspective, we propose POVI (Per-
ceptually Optimized Video Implicit representation), a per-
ceptually aligned learning framework that shifts INR su-
pervision into multi-level visual feature domains. POVI in-
tegrates two complementary perceptual objectives: Multi-
Vision Feature Similarity (MVFS) for spatial fidelity and Vi-
sion Subject Similarity (VSS) for temporal coherence. Even
with a lightweight INR backbone using simple cascaded up-
sampling, POVI achieves superior perceptual quality com-
pared to state-of-the-art VAE- and diffusion-based codecs,
while maintaining real-time decoding at ∼125 FPS on
1080p videos. Our findings reveal that perceptual optimiza-
tion is not merely a heuristic improvement, but a principled
objective shift essential for advancing video-INR represen-
tation and reconstruction.

1. Introduction
Implicit neural representations (INRs) [12, 30, 62, 65, 86]
have recently emerged as a powerful paradigm for mod-
eling visual data as continuous functions parameterized
by network weights, rather than storing discrete samples.
Unlike rasterized latent representations used in variational
autoencoders (VAEs) [5, 16, 26, 53] and diffusion mod-
els [44, 60], INRs directly map spatiotemporal coordinates
to signal values, enabling continuous reconstruction, dif-

ferentiable processing, and consistent train–test behavior.
In video compression, this functional parameterization re-
places raw frames with compact network weights, offering
a lightweight and interpretable alternative to VAEs. Meth-
ods such as NeRV [12] and its extensions [13, 36, 83] show
that even simple feed-forward architectures can overfit indi-
vidual video sequences, achieving high-quality reconstruc-
tions and supporting tasks like denoising, inpainting, and
interpolation [45, 81].

Despite architectural progress, video-INRs remain con-
strained by pixel-level optimization. Most existing works
still adopt mean squared error (MSE) or ℓ1 loss [13, 20,
31, 64, 71, 83, 84], sometimes supplemented with SSIM or
MS-SSIM [36, 45, 81]. These metrics are largely heuris-
tic, optimized for PSNR, and seldom grounded in statistical
principles. For instance, Zhao et al. [83] observed that ℓ1
tends to preserve texture under small motion while MSE
handles large motion better—yet such behavior lacks the-
oretical justification, and the notion of “large motion” is
ill-defined. Meanwhile, many efforts have focused on ar-
chitectural design [23, 67, 88], sometimes at the expense of
efficiency: compact INRs with only 1M parameters can de-
code slower than VAEs with over 20M parameters [28], and
their compression rate–distortion performance still trails ad-
vanced VAE codecs [29, 77].

We argue that the bottleneck lies not only in model de-
sign, but in the objective itself. From a variational in-
ference viewpoint, pixel-wise losses correspond to fixed
likelihood assumptions: MSE implies Gaussian noise, and
ℓ1 implies Laplacian noise [24, 34]. While acceptable in
VAEs, where dataset-level statistics are amortized, these
assumptions misalign with single-video INRs, where er-
rors are structured, temporally dependent, and sequence-
specific. Enforcing such distributions constrains represen-
tational flexibility and hinders perceptual fidelity.

This motivates a paradigm shift—beyond pixel loss.
Instead of measuring reconstruction in raw RGB space,
we advocate optimizing INRs in perceptual feature do-
mains, where error statistics are more stable and semanti-
cally meaningful. Pretrained vision models provide a nat-
ural basis for such perceptual supervision, as they implic-
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itly encode hierarchical structures and temporal semantics.
Building on this insight, we propose POVI (Perceptually
Optimized Video Implicit representation), a perceptually
aligned learning framework for video-INRs. POVI intro-
duces two complementary objectives: Multi-Vision Feature
Similarity (MVFS), which aggregates features from mul-
tiple pretrained backbones to enhance intra-frame fidelity,
and Vision Subject Similarity (VSS), which promotes inter-
frame temporal coherence by aligning subject-level repre-
sentations. Even with a lightweight INR backbone using
simple cascaded upsampling, POVI surpasses state-of-the-
art VAE- and diffusion-based codecs [48, 54, 74] in percep-
tual quality, while maintaining real-time decoding at ∼125
FPS on 1080p videos.

Our main contributions are as follows:
• We present a new perspective on video-INR optimiza-

tion, showing that conventional pixel-level losses implic-
itly impose Gaussian or Laplace error models that are in-
consistent with single-video statistics due to strong tem-
poral dependencies and structured content.

• We propose a perceptual supervision framework leverag-
ing pretrained vision models to relax restrictive distribu-
tional assumptions and align optimization with perceptual
semantics. This includes Multi-Vision Feature Similarity
(MVFS) for intra-frame fidelity and Vision Subject Simi-
larity (VSS) for inter-frame consistency.

• We demonstrate that even simple INRs trained under this
perceptual paradigm achieve superior visual quality and
temporal consistency, outperforming sophisticated VAE-
and diffusion-based codecs while retaining real-time de-
coding efficiency.

2. Preliminary
Implicit Neural Representations. Implicit neural repre-
sentations (INRs) [15, 62, 72] model signals as continuous
functions that map coordinates to values, instead of stor-
ing discrete samples. This functional formulation enables
resolution-agnostic reconstruction, consistent train–test be-
havior, and differentiable signal manipulation. In the con-
text of compression, INRs encode raw data into compact
network parameters, which can then be quantized and en-
tropy coded [37].

Originally popularized in 3D scene modeling [50], INRs
have been extended to various modalities—images [20,
72], videos [12, 67], audio [38, 65], and hyperspectral
data [14, 57]—enabling diverse applications such as super-
resolution [3, 78], denoising [59, 73], and inpainting [13].
This generality establishes INRs as a versatile signal repre-
sentation framework across space, time, and spectrum.

Video-INRs. Video INRs extend this paradigm into the
temporal domain by learning a function F : [0, 1]din →
Rdout that maps temporal coordinates t to corresponding
frames Vt. In practice, a neural decoder D with cascaded

upsampling and nonlinearities, conditioned on temporal
embeddings E , reconstructs frames as V̂t = D(E(t)).

Recent architectural advances improve efficiency and
reconstruction fidelity through techniques such as patch-
wise modeling [4, 49], temporal residual embeddings [83],
optical-flow compensation [39], hierarchical grids [36], and
adaptive backbones [67]. However, these improvements of-
ten come with significant decoding cost, approaching that
of large VAE-based codecs. In contrast, the role of opti-
mization objectives—how INRs are trained—has received
comparatively little attention, despite being a fundamental
determinant of their representational behavior. We posit that
loss design, alongside architecture, plays a central role in
unlocking the true potential of video-INRs.

Optimization Objectives for Signal Reconstruction.
The training objective defines the implicit assumptions gov-
erning signal reconstruction. Most INR-based methods still
rely on pixel-level losses such as MSE or ℓ1, which directly
penalize discrepancies in RGB space. While simple and
numerically stable, these objectives implicitly correspond
to Gaussian or Laplacian error models (see Sec. 3.1), as-
sumptions that are often violated in real-world videos ex-
hibiting structured, temporally correlated residuals. Such
mismatches can bias optimization, limiting both represen-
tational flexibility and perceptual fidelity.

A large body of research in generative modeling has
shown that reducing pixel distortion does not necessar-
ily improve perceptual quality [10, 22]. To address this,
perceptual losses were introduced, comparing images in
learned feature spaces or via adversarial discriminators.
Representative metrics such as LPIPS [79], DISTS [19],
and GAN-based objectives [18, 25] emphasize semantic and
structural similarity over raw pixel accuracy.

In contrast, perceptual optimization within the INR
framework remains largely underexplored. Ballé et al.
[6] introduced a perceptual objective for image INRs via
Wasserstein Distortion (WD) [52], achieving improved vi-
sual quality over conventional pixel-based training. How-
ever, its extension to video INRs—where temporal consis-
tency, structured motion, and perceptual coherence are in-
herently intertwined—has not been systematically studied.
This gap motivates our work: we show that video-INRs, by
nature of their sequence-specific and continuous represen-
tation, are especially well-suited to perceptual supervision.
Even lightweight architectures, when optimized in feature
space, can achieve state-of-the-art perceptual quality and
real-time decoding efficiency.

3. Method
We revisit the training of video-INRs through the lens
of variational inference, revealing that pixel-level super-
vision is fundamentally misaligned with the single-video
optimization setting (Sec. 3.1). Building on this insight,
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Figure 1. Q–Q (Quantile–Quantile) plots of reconstruction errors trained with different pixel-level loss functions on a sample from
YouHQ [87]. Each plot compares empirical error distributions with their theoretical counterparts (Gaussian or Laplace). R2 ↑ mea-
sures the linear alignment with the reference distribution (R2 = 1 indicates perfect fit, though tail deviations may be underestimated).
WD ↓ denotes the Wasserstein Distance [52], where larger values indicate stronger distributional mismatch. Perfect distributional align-
ment would result in points lying along the diagonal reference line.

we argue that INRs naturally favor perceptual optimization
(Sec. 3.2), and propose two complementary feature-domain
objectives that enhance both intra-frame fidelity and inter-
frame coherence.

3.1. Revisiting Pixel-wise Losses: A Variational Per-
spective

Video-INRs under a Variational Framework. Training
a video-INR can be formulated as a rate–distortion opti-
mization problem, where the rate measures model complex-
ity (the number of bits required to encode network param-
eters), and the distortion quantifies reconstruction fidelity.
From a variational inference view, this corresponds to ap-
proximating the true posterior pw̃|x(w̃|x) with a variational
density q(w̃|x) by minimizing the expected KL divergence
over the data distribution px [5, 37, 58]:

ExDKL

[
q||pw̃|x

]
= Ex∼pxEw̃∼q

[
− log px|w̃(x|w̃)︸ ︷︷ ︸

Distortion LD

(1)

− log pw̃(w̃)︸ ︷︷ ︸
Rate LR

+ log px(x)
]
, (2)

where log px(x) is constant, reducing the objective to the
canonical rate–distortion trade-off.

While prior works explore different priors for
p(w̃)—e.g., uniform [82], Gaussian [37, 81], or Lapla-
cian [31, 40]—our focus lies on the distortion likelihood
p(x|w̃), as it directly defines the supervision space for INR
learning.

Distributional Assumptions in Pixel-wise Losses.
Pixel-wise losses inherently impose specific probabilistic
assumptions on the reconstruction error distribution. Min-
imizing an ℓp loss is equivalent to performing maximum
likelihood estimation (MLE) under a generalized Gaussian

distribution (GGD) [21] with shape parameter β = p:

p(e) =
p

2αΓ(1/p)
exp

(
−
∣∣ e
α

∣∣p) , (3)

where e = x − x̃ denotes the reconstruction error, α is a
scale parameter controlling the spread of the distribution,
and Γ(·) is the Gamma function ensuring proper normaliza-
tion.

Common special cases include: (a) p = 2, Gaussian (ℓ2,
MSE); (b) p = 1, Laplacian (ℓ1); (c) p < 1, yielding heavy-
tailed distributions that emphasize outliers; and (d) p > 2,
producing sharp-peaked distributions that strongly penalize
small deviations. For instance, MSE minimization corre-
sponds to Gaussian MLE:

min 1
2σ2 ∥x− x̃∥22 ⇔ max logN (x|x̃, σ2), (4)

while ℓ1 minimization corresponds to Laplacian MLE:

min 1
b∥x− x̃∥1 ⇔ max log Laplace(x|x̃, b). (5)

Hence, choosing a pixel-wise loss effectively fixes a
parametric form of reconstruction noise. However,
for video-INRs—trained per sequence rather than across
datasets—these assumptions break down. Reconstruction
errors are structured, temporally dependent, and video-
specific: high-motion sequences produce heavy tails, while
static scenes yield more concentrated errors. A single global
noise model cannot faithfully capture these dynamics. By
contrast, VAE-based codecs benefit from population-level
amortization across datasets, making Gaussian or Laplacian
assumptions more reasonable and training more stable. We
provide more analysis in supplementary materials.

Empirical Evidence. Fig. 1 presents Q–Q plots
of reconstruction errors. Within a narrow central
range ([−0.1, 0.1]), empirical errors moderately fit Gaus-
sian/Laplacian distributions. However, extreme errors ex-
hibit pronounced heavy tails, with Wasserstein Distance
(WD) > 0.7, highlighting systematic mismatch.
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Ground Truth AlexNet VGG DINOv2– head7 DINOv2– head10

Figure 2. Illustrative heatmaps showing the feature sensitivity of different pretrained vision models on a sample sequence from YouHQ [87].
From left to right: AlexNet [35], VGG [61] and DINOv2 [51].

Interestingly, we observe that pixel-wise losses suffer
from poor distributional matching, which directly leads to
lower reconstruction fidelity (e.g., PSNR drops from 36.21
dB to 35.35 dB as the fit deteriorates). This mismatch
highlights the inherent limitation of MSE/ℓ1 losses as sta-
tistically inconsistent error models. Prior studies [32, 36,
81] similarly report that even simple alternatives such as
ℓ1+SSIM can outperform pure MSE—even under MSE-
based evaluation. Fig. 1(c) also echoes this trend.

Remark 1. Pixel-wise supervision enforces rigid, dataset-
agnostic error assumptions (e.g., Gaussian or Laplacian)
that are systematically violated in single-video INRs. Em-
pirical evidence reveals that reconstruction errors are
video-dependent, heavy-tailed, and temporally correlated.
These findings motivate the search for alternative represen-
tational spaces, where error statistics are more stable and
better aligned with the optimization objective.

3.2. Turn to Perceptual Optimization
Pretrained Vision Models as Transformation. The pre-
ceding analysis reveals a key challenge for video-specific
INRs: pixel-space errors exhibit video-dependent, heavy-
tailed statistics that violate Gaussian or Laplacian assump-
tions. Hence, an effective learning objective should op-
erate in a space where reconstruction errors are statisti-
cally stable. Designing such a transformation analytically
is intractable due to strong temporal correlations and the
lack of dataset-level averaging. As a practical solution, we
turn to pretrained vision models as empirical transforma-
tion functions, naturally motivating a perceptual optimiza-
tion paradigm.

Perceptual objectives measure discrepancies in deep fea-
ture spaces rather than raw RGB pixels, capturing tex-
ture, structure, and semantics that better correlate with hu-
man visual perception. Representative examples include
LPIPS [79], which measures feature-space Euclidean dis-
tance, and DISTS [19], which combines structural similar-
ity with learned features.

From a probabilistic viewpoint, these objectives cor-
respond to implicit likelihood assumptions in feature
space—where pretrained representations, learned over

large-scale natural image distributions, provide more stable
priors than any single video can offer. Thus, perceptual op-
timization inherently relaxes the overly restrictive distribu-
tional constraints of pixel-level supervision, making it par-
ticularly suitable for sequence-specific INR training.

Multi-Vision Feature Similarity (MVFS). On the other
hand, the pixel-to-feature mapping induced by pretrained
vision models is highly nonlinear and analytically in-
tractable. Consequently, assuming Gaussian errors in fea-
ture space does not directly translate to a corresponding
distributional constraint in pixel space; such equivalence
would only hold for a linear transformation. Nevertheless,
even as a loose or indirect constraint, relying on a single
pretrained model may bias the optimization toward specific
patterns captured by that model (Fig. 2). To mitigate this
potential bias and enhance generalization, we employ mul-
tiple pretrained vision models and aggregate their feature-
based losses, thereby reducing the suboptimality introduced
by any single inductive bias or distributional assumption.
Supplementary materials provide a more detailed compari-
son of visual models.

Formally, let ϕl
m(·) denote the activation of layer l of the

m-th pretrained vision model. Given reconstructed frames
x̃ and ground-truth frames x, the MVFS loss aggregates
multi-level feature distances:

LMVFS(x, x̃) =

M∑
m=1

wm

∑
l∈Am

d
(
ϕl
m(x), ϕl

m(x̃)
)
, (6)

where d(·, ·) denotes LPIPS- or DISTS-style distances, Am

is the layer set for model m, wm is a model-specific weight,
and M is the total number of vision models. Empirically,
this multi-model fusion improves both spatial fidelity and
perceptual stability across diverse content types.

Vision Subject Similarity (VSS). While perceptual su-
pervision improves spatial realism, it may inadvertently in-
troduce temporal inconsistency—manifesting as flickering
or identity drift across frames. To address this, inspired by
temporal consistency assessment techniques [27], we intro-
duce Vision Subject Similarity that enforces temporal co-
herence at the subject level.

We employ DINOv2 [51] to extract features that capture
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Figure 3. Left: Overview of the proposed POVI framework. The encoding is equivalent to training the network, where the video signal
is parameterized as a neural function. During decoding, only a forward pass through the trained decoder is required for reconstruction.
Right: Upsampling layer. Detailed network specifications are provided in supplementary materials.

subject identity. Unlike standard classification networks,
which are trained to collapse intra-class variations, DINOv2
is self-supervised and produces representations that are both
semantically meaningful and sensitive to subtle identity dif-
ferences [69]. Let ft denote the DINOv2 feature of frame t;
we enforce cross-frame consistency within a local temporal
window Ů(t, δ):

LVSS =
∑

i∈Ů(t,δ)

dist(fi, ft), (7)

where dist(·, ·) is a mariginal cosine feature distance. This
loss constrains global identity coherence, complementing
MVFS’s frame-wise perceptual fidelity.

DINOv2 is utilized in both MVFS and VSS. In our im-
plementation, the feature f of each reconstructed frame is
computed only once per epoch and cached in a buffer for
reuse. Therefore, the additional computational overhead in-
troduced by VSS is negligible.

Overall Pipeline. The full framework is illustrated in
Fig. 3a. Encoding corresponds to training the INR decoder
D to fit a specific video, with frames parameterized as V̂t =
D(E(t)). During decoding, reconstruction requires only a
single forward pass. Our decoder adopts a lightweight cas-
caded upsampling design (Fig. 3b) to ensure high efficiency.
For transmission, only the embeddings and decoder weights
are quantized and entropy-coded. The overall objective in-
tegrates pixel-level and perceptual losses:

L(ϕ) = λ1Lℓ1 + λ2LSSIM

+ λ3LMVFS + λ4LVSS + λ5LGAN, (8)

where, following successful practices in image and video
reconstruction [63, 75, 81], ℓ1 and SSIM [70] losses are in-
cluded as regularization terms to stabilize training and pre-
serve low-level fidelity, while MVFS and VSS drive percep-
tual alignment across space and time.

Despite its architectural simplicity—without motion pre-
diction, patch-wise modeling, or hierarchical grids—our

approach achieves superior perceptual quality and temporal
stability compared to state-of-the-art VAE- and diffusion-
based codecs. This confirms our central claim: perceptual
optimization is a principled and efficient learning objective
for advancing video-INR representations.

4. Experiment

Compared Methods. We compare our approach with rep-
resentative perceptual-optimized video compression meth-
ods from three paradigms: (1) GAN-based: PLVC [74],
which enhances perceptual quality through adversarial
learning; (2) VAE-based: GLC [54], which introduces
perceptual coding in the generative latent space and
achieves state-of-the-art perceptual fidelity, and DVC-
P [80], an early exploration of perceptual representation;
(3) Diffusion-based: DiffVC [48], a recent state-of-the-art
approach leveraging inter-frame diffusion priors for percep-
tually faithful reconstructions.

For comparison with pixel-optimized codecs, we in-
clude strong neural baselines such as DCVC [41], DHVC
2.0 [47], DCVC-FM [43], DCVC-RT [28], Neuro-
Quant [58], HNeRV [13], and NVRC [37], as well as con-
ventional codecs H.265/HEVC [66] and H.266/VVC [11]
for reference.

Test Datasets. We evaluate on two benchmarks.
UVG1 contains seven 1920 × 1080 videos at 120 FPS,
300–600 frames each, and serves as a standard compres-
sion benchmark. YouHQ [87] comprises ∼37K high-
definition (1080 × 1920) YouTube clips covering diverse
scenes—streets, landscapes, animals, faces, night scenes.
For ablations, we select 10 sequences and center-crop to
960 × 960 for efficiency. UVG provides standard evalua-
tion, while YouHQ offers a diverse, lightweight testbed.

Training and Implementation. We train models using
the Adam optimizer [33] with a batch size of 1 and an ini-

1Beauty, Bosphorus, HoneyBee, Jockey, ReadySetGo, ShakeNDry,
YachtRide
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Pixel:

Perceptual:

Figure 4. Rate–distortion performance on the UVG dataset. Solid lines represent perceptual-optimized methods, while dashed lines
indicate pixel-optimized codecs. Our method achieves the highest perceptual quality across bitrates. The proposed POVI framework is
further validated on other video-INR architectures such as HNeRV.

tial learning rate of 1.5× 10−4, scheduled by warm-up co-
sine annealing. Unless specified otherwise, training is con-
ducted for 150K iterations on UVG and 15K on YouHQ.
Quantization-aware training with a 7-bit precision and the
straight-through estimator (STE) [7, 76] is applied. Down-
sampling uses Conv2d with stride patterns (5, 4, 2, 2, 2) for
960/1920-pixel inputs and (5, 3, 3, 2, 2) for 1080-pixel in-
puts; other resolutions are adjusted adaptively. The loss
coefficients in Eq. 8 are set to λ1 ∈ [1, 3], λ2 ∈ [0.3, 1],
λ3 = 1.0, λ4 = 0.1, and λ5 = 0.1. All experiments run on
PyTorch with NVIDIA RTX A6000 and 4090 GPUs.

Evaluation Protocol. For fairness, we report official
results from published papers when source code is un-
available or outdated (e.g., PLVC). For methods with well-
maintained implementations, such as HNeRV, we reproduce
results under our unified environment to ensure consistency.

4.1. Main Results
Frame-level Evaluation. We evaluate reconstruction qual-
ity using four widely adopted metrics: PSNR and MS-
SSIM for pixel-level fidelity, and LPIPS and DISTS for
perceptual similarity. As shown in Fig. 4, our method
consistently achieves superior perceptual scores (LPIPS,
DISTS) while maintaining competitive distortion perfor-
mance against other perceptual-optimized baselines. Ta-
ble 1 further reports the corresponding BD-metrics [9],
summarizing average performance differences across bi-
trates. Slight interpolation discrepancies may arise due to
variations in reported bitrates across prior works, but the
overall trends remain consistent.

Notably, our approach achieves state-of-the-art percep-

Table 1. Frame-level BD-metrics [9] on the UVG dataset using
HM as the anchor. FPS indicates decoding efficiency (FP16 infer-
ence) measured on an NVIDIA RTX 4090. Symbols ↑ / ↓ denote
that higher/lower values are better. HNeRV-POVI refers to apply-
ing the proposed POVI optimization to the HNeRV architecture.
We adopt the HiNeRV [36] backbone from NeuroQuant [58]. The
best results under perceptual optimization are highlighted in bold
, and our method is additionally marked with a gray background.

Methods Type PSNR↑ MS-SSIM↑ LPIPS↓ DISTS↓ FPS↑

HandCraft

HM 16.25 [1] H.265 0. 0. 0. 0. ∼40
VTM 17.0 [2] H.266 0.68 0.006 -0.017 -0.056 ∼25

Pixel Optimization

DHVC 2.0 [47] HVAE 0.50 0.005 / / <8
DCVC-FM [43] VAE 1.06 0.006 0.015 0.024 <5
DCVC-RT [28] VAE 1.18 0.007 -0.007 0.022 ∼105
HNeRV [13] INR -2.00 -0.016 0.07 0.069 ∼165
NVRC [37] INR 1.25 0.006 0.007 0.020 ∼15
NeuroQuant [58] INR 0.43 0.001 0.025 0.031 ∼60

Perceptual Optimization

PLVC [74] GAN -3.80 -0.026 -0.088 -0.029 /
GLC [54] VAE -3.92 -0.043 -0.123 -0.056 < 5
DVC-P [80] VAE -3.37 -0.026 0.071 0.040 /
DiffVC [48] Diff. -4.80 -0.034 -0.069 -0.041 <0.1
HNeRV-POVI INR -4.4±0.2 -0.05±0.01 -0.11±0.01 -0.044±0.01 165±5

Ours-POVI INR -3.8±0.3 -0.04±0.01 -0.13±0.01 -0.064±0.01 125±5

tual quality while maintaining high efficiency, decoding
1080p videos at ∼75 FPS (FP32) and ∼125 FPS (FP16)
on UVG sequences under serial decoding—well above real-
time playback requirements. A key advantage of INR-based
codecs is their fully parallel decoding, where all frames
can, in principle, be reconstructed in a single forward pass,
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Table 2. Sequence-level evaluation on UVG using VBench [27].

Methods Architecture Perceptual Opt. Bpp↓ Subject
Consistency↑

Background
Consistency↑

Motion
Smoothness↑

Average
Score↑

DCVC-FM [43] VAE 0.051 84.5% 90.6% 99.2% 91.4%
DCVC [41] VAE 0.025 85.5% 90.0% 99.1% 91.5%
DVC-P [80] VAE ✓ 0.048 83.7% 90.1% 98.9% 90.9%

HNeRV [13] INR 0.010 80.1% 88.3% 98.5% 89.0%
NVRC [37] INR 0.010 82.8% 88.5% 98.9% 90.1%
NeuroQuant [58] INR 0.010 82.3% 88.2% 98.7% 89.7%
Ours INR ✓ 0.010 84.5±1.5% 89.4±1.0% 99.0±0.5% 91.0±1.8%

Empirical Min / / / 14.62% 26.15% 70.60% /
Empirical Max / / / 100% 100% 99.75% /

Table 3. Encoding complexity, measured as the number of training
steps per second achieved on 1080p inputs. All results are evalu-
ated on an NVIDIA RTX 4090 GPU with FP16 precision.

Methods / bpp 0.01 0.03 0.05 Avg.

HNeRV [13] 41.15 30.21 25.00 32.12
NeuroQuant [58] 19.40 10.40 6.00 11.93
NVRC [37] 6.40 3.60 2.20 4.07

(V0) ℓ1 + SSIM (baseline) 30.61 21.15 14.00 21.92
(V1) w/ DISTS [19] 9.46 8.47 7.07 8.33
(V2) w/ MVFS 7.50 6.88 6.00 6.79
(V3) w/ MVFS + VSS 7.31 6.70 5.85 6.62
(V4) w/ MVFS + VSS + GAN 5.35 4.93 4.33 4.87

avoiding the inter-frame dependencies that limit conven-
tional VAE-based methods.

Sequence-level Evaluation. Frame-level metrics are
widely used but fail to capture temporal dynamics in videos.
VAE-based codecs often show frame-wise quality fluctu-
ations due to inter-frame dependencies (e.g., hierarchical
quality control [42]) [17], which are hidden under conven-
tional evaluations. This issue is amplified under perceptual
optimization, where viewers are sensitive to temporal in-
consistencies.

Recent studies [27, 85] have demonstrated that com-
monly used video-level metrics—such as Inception Score
(IS) [56], Fréchet Video Distance (FVD) [68], and CLIP-
SIM [55]—often correlate poorly with subjective percep-
tion. To address this, we adopt the recently proposed
VBench [27], which offers a more reliable and fine-grained
evaluation of perceptual video quality at the sequence level.

On UVG (Table 2), our method achieves strong tempo-
ral consistency at a lower bitrate compared with VAE- and
INR-based baselines. We recommend combining frame-
and sequence-level metrics for a more comprehensive as-
sessment. Additional definitions and results are provided in
the supplementary materials.

4.2. Deep Dive
Encoding Complexity. As shown in Table 3, our
lightweight variant is only marginally slower than HNeRV
under the same pixel-wise training regime (V0). Introduc-
ing perceptual supervision increases complexity mainly due
to the additional vision model—a cost inherent to any per-
ceptual optimization rather than specific to our framework
(V0 vs. V1). Compared with DISTS, the extra overhead
brought by POVI remains modest (V1 vs. V2), as DINOv2
operates on downsampled inputs and VSS reuses cached
features (Sec. 3.2), contributing negligible computational
cost (V2 vs. V3).

Although INR-based approaches generally incur higher
encoding latency—making real-time streaming challeng-
ing [8]—they are well-suited for video-on-demand (VOD)
and large-scale storage applications, where decoding
throughput dominates overall system efficiency [46].

Loss Ablation. Table 4 reports results on YouHQ [87].
Among pixel-wise losses, ℓ1+SSIM yields the best
PSNR/MS-SSIM but still suffers from high LPIPS/DISTS,
showing limited perceptual fidelity. Adding perceptual
losses (LPIPS or DISTS) significantly reduces these dis-
tances, supporting our key finding that INRs inherently ben-
efit from perceptual optimization. A single VFS (VGG)
introduces trade-offs across perceptual metrics, while our
MVFS aggregation alleviates the bias of any single feature
extractor. With VSS enforcing temporal consistency, our
full model achieves the best overall performance, reaching
LPIPS 0.019 and DISTS 0.0085.

Perceptual Visualization. Qualitative comparisons with
HNeRV (INR), DCVC-FM (VAE), and VVC (traditional
codec) are shown in Fig. 5. Our method produces sharper
reconstructions and preserves richer textures even under ex-
treme compression, whereas competing approaches often
suffer from oversmoothing or perceptual artifacts. More vi-
sualizations are provided in the supplementary materials.

Convergence. As illustrated in Fig. 6, video-INRs
trained under the POVI framework exhibit a stable conver-
gence pattern. Notably, good perceptual quality emerges
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Table 4. Loss ablation on subset from YouHQ [87].

Pixel Optimization Perceptual Optimization

MSE ℓ1 ℓ1+SSIM w/ LPIPS [79] w/ DISTS [19] w/ VFS-VGG w/ MVFS w/ MVFS &VSS

PSNR 36.21 35.34 36.51 34.45 34.32 34.41 34.61 34.75
MS-SSIM 0.9742 0.9773 0.9824 0.9752 0.9758 0.9756 0.9774 0.9782
LPIPS 0.1630 0.1702 0.1496 0.0241 0.0298 0.0284 0.0225 0.0190
DISTS 0.1362 0.1414 0.1235 0.0185 0.0130 0.0152 0.0103 0.0085

Ground Truth Ours HNeRV VTM DCVC-FMGT Crop

Figure 5. Visual comparison on a UVG sequence at 0.014 bpp (∼ 1700× compression).
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Figure 6. Loss convergence behavior.

within the first 50 epochs, offering a favorable trade-off be-
tween performance and encoding cost. Extending training
further continues to yield measurable improvements though
with increased runtime. This behavior demonstrates that
POVI enables efficient optimization while remaining scal-
able to longer training schedules.

4.3. Discussion and Future Work

To maintain fast decoding, we adopt a lightweight feed-
forward architecture without complicated modules, which
naturally limits the achievable rate–distortion tradeoff. Fu-
ture work could explore hierarchical grids [36], context
modeling [37, 81], or learned quantization [58] to further
improve efficiency. Perceptual optimization, by nature, in-

creases training complexity due to vision-model feature su-
pervision. This is a common trait of perceptual methods.
Developing lightweight perceptual surrogates is an impor-
tant direction for more efficient optimization.

5. Conclusion

We revisited the optimization of video-INRs through the
lens of variational inference and highlighted a key limita-
tion of conventional pixel-wise losses: their simplistic error
models are statistically misaligned with per-video recon-
struction, where errors are structured and temporally cor-
related. To address this, we propose POVI, which shifts su-
pervision from pixels to feature spaces using multiple pre-
trained vision models. POVI combines MVFS for spatial fi-
delity and VSS for temporal coherence, relaxing restrictive
pixel-domain assumptions and aligning optimization with
perceptual semantics. Experiments show that even with a
lightweight cascaded-upsampling INR, POVI substantially
improves perceptual quality over state-of-the-art VAE- and
diffusion-based methods, while enabling real-time decod-
ing at ∼125 FPS on 1080p videos. These results demon-
strate that perceptual optimization is not a heuristic but a
principled objective shift, advancing video-INR representa-
tion beyond pixel loss.
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