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Abstract—Video denoising is fundamental to low-level vision
and real-world imaging, yet existing self-supervised methods
remain fragile under severe noise and complex motion. Most
approaches still rely on spatially and temporally discrete grid-
based representations: blind-spot networks enforce J-invariance
by masking center pixels with a limited receptive field, while re-
current models build temporal dependencies on discretized frame
sequences and noise-sensitive optical flow, leading to error accu-
mulation and motion artifacts. We address this model bottleneck
by reformulating self-supervised video denoising as learning a
continuous spatiotemporal implicit field. Building on coordinate-
based implicit neural representations, we propose a unified video
denoising model with a spatiotemporal implicit neural field
(SINF). In the spatial domain, a blind-spot implicit spatial field
maps coordinates directly to pixel-level representations, enabling
globally informed texture recovery beyond receptive-field limits.
In the temporal domain, an implicit temporal embedding with
periodic activations encodes motion continuously over time, while
a time-aware spatial graph module refines cross-frame alignment.
Together, SINF remodels discretized video signals into a contin-
uous spatiotemporal intensity field, enabling more robust pixel-
wise associations than coarse optical flow. Extensive experiments
on synthetic and real noisy video benchmarks demonstrate that
our SINF achieves state-of-the-art performance on synthetic and
real noisy video benchmarks. Our code is publicly available at:
https://github.com/Huxiaowan/SINF-VDN.

Index Terms—Video denoising, self-supervised learning, im-
plicit neural representation, spatiotemporal modeling.

I. INTRODUCTION

IDEO denoising is a key cornerstone of low-level vision
V and underpins numerous real-world applications [1]-[4].
However, obtaining well-aligned clean—noisy video pairs in
dynamic scenes is challenging, which fundamentally limits the
practical scalability of supervised learning approaches [5]-[8].

Self-supervised video denoising methods that learn solely
from noisy inputs have attracted increasing research atten-
tion in recent years. Early studies predominantly borrowed
ideas from self-supervised image denoising frameworks such
as Noise2Noise [9] and Noise2Void [10], and evolved into
two major technical paradigms. The first category, frame-
registration based methods, constructs training pairs via noisy
pairs or motion-compensated frame alignment (e.g., optical
flow estimation) to enable self-supervision [11], [12]. The sec-
ond category, blind-spot constrained spatiotemporal modeling
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Fig. 1: Three paradigms of self-supervised video denoising
with different spatiotemporal continuity. (a) CNN-based meth-
ods operate on discretized frames with limited receptive fields;
(b) RNN-based methods incorporate temporal continuity with
spatial discretization; (c) INR-based methods treat video as a
continuous and coherent function over both space and time.

methods, predicts the target frame by masking the center pixel
and/or neighboring frames [5], [6]. These approaches have
driven video denoising from single-frame to multi-frame and
from spatial to spatiotemporal modeling, and now form the
mainstream paradigm in unsupervised video denoising.

Despite notable progress, existing self-supervised video
denoising methods still exhibit two intrinsic bottlenecks, es-
pecially under severe noise and complex motion. First, the
blind-spot network (BSN), while satisfying the J-invariance
assumption for self-supervision, explicitly mask the center
pixel, which restricts the effective receptive field and hinders
the recovery of fine-grained texture details. Second, methods
that rely on optical flow for frame registration are inherently
sensitive to noise; flow estimation errors are easily amplified
and temporally propagated, leading to motion artifacts and
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structural distortions. Prior work [1], [5], [13] has clearly
demonstrated that the noise sensitivity of optical flow is a
primary factor contributing to performance degradation.

To better contextualize these limitations, we categorize
existing blind-spot video denoising methods by their treatment
of spatial and temporal continuity. (a) Spatially discrete and
temporally discrete architectures, as shown in Fig. la, rely
on CNNs operating on fixed pixel grids and independent
frame sequences; they can only aggregate local context and
are inherently constrained by narrow receptive fields. (b) Spa-
tially discrete and temporally continuous methods, depicted
in Fig. 1b, extend temporal modeling with recurrent units
such as RNNs, capturing longer-range temporal correlations.
However, they still depend on discretized spatial grids and
often require precise optical flow alignment, making them
vulnerable to severe noise and fast motion. Recent recurrent
self-supervised schemes [6], [12], [14] employ bidirectional
temporal models to aggregate broader context but exhibit
temporal discontinuities in highly dynamic scenes. Moreover,
frequent down- and up-sampling operations used to decorre-
late spatial noise introduce irreversible structural information
loss. Overall, these prevailing discrete, grid-based architectures
lack the capacity to provide truly continuous and coherent
spatiotemporal modeling under realistic video conditions.

These findings motivate a shift in perspective: rather than
further refining discrete grids, we seek a solution space that
is continuous in both space and time. Recent advances in
implicit neural representations (INR) [15]-[17] encode signals
as continuous, differentiable functions of their coordinates,
providing a principled alternative. Thus, we adopt an INR-
based paradigm in Fig. 1c for (c¢) Spatially and temporally
continuous video denoising. The INR-based framework treats
video as a continuous spatiotemporal function by directly
mapping space—time coordinates to pixel intensities or latent
features. This coordinate-driven formulation naturally cap-
tures robust long-range alignment, reduces reliance on noise-
sensitive optical flow, and is inherently resolution-agnostic.
The differentiable nature of INR supports the formation of a
coherent motion field, and periodic activation functions [15]
provide strong spectral approximation capability for high-
frequency detail recovery. Together, these properties make INR
a compelling foundation for self-supervised video denoising.

Building on this insight, we propose spatiotemporal im-
plicit neural fields (SINF) for unsupervised video denoising,
introducing continuous spatiotemporal modeling into the self-
supervised setting. In the spatial domain, we employs a
blind-spot implicit neural field (BS-INF) that directly maps
spatial coordinates to pixel representations while enforcing
blind-spot constraints by excluding the center coordinate from
queries, thereby overcoming the limitation of local receptive
fields and enabling globally informed texture recovery. In
the temporal domain, an implicit temporal embedding injects
normalized timestamps into an implicit representation with
periodic activations to learn a continuous mapping from time
to feature space, implicitly encoding motion trajectories and
high-frequency temporal variations without explicit optical
flow. To tightly couple space and time, we further design
a time-aware spatial graph module that constructs pixel-

level graphs within local windows, aggregates similar features
via spatial attention, and refines motion trajectories through
cross-frame interaction with residual boundary compensation.
Together, these components realize a unified continuous spa-
tiotemporal reference frame, where spatial coordinates localize
pixel positions and temporal coordinates encode motion states,
substantially reducing reliance on accurate flow estimation.
SINF uses coordinate-based implicit fields to model the noisy
image formation process and thereby enabling robust self-
supervised video denoising even under extremely challenging
conditions. The main contributions are summarized as follows:

o We reformulate self-supervised video denoising from
a discrete grid-based problem into learning a contin-
uous spatiotemporal implicit field, yielding a unified
coordinate-driven view of video in space and time.

o The blind-spot implicit spatial field directly maps spa-
tial coordinates to pixel-level representations, eliminating
convolutional blind-spot constraints and enabling globally
informed texture recovery beyond receptive-field limits.

« An implicit temporal embedding with periodic activations
encodes motion continuously over time, while a time-
aware spatial graph module refines cross-frame alignment
for coherent denoising without explicit optical flow.

« Extensive experiments on synthetic and real noisy video
benchmarks demonstrate the state-of-the-art performance
of our SINF, with improved detail preservation and fewer
motion artifacts in highly noisy and dynamic scenarios.

II. RELATED WORK
A. Supervised Video Denoising.

Early supervised video denoising techniques were largely
inspired by image denoising methods, evolving from non-local
similarity exploitation approaches such as Non-Local Means
(NLM) [18], block-matching and 3D filtering (BM3D) [19],
and sparse prior modeling [20], which extended spatial patch
aggregation into the temporal domain but suffered from limited
motion handling capabilities under complex dynamics. With
the rise of deep learning, supervised video denoising shifted
towards learning spatiotemporal priors directly from paired
noisy—clean datasets, where many methods rely on explicit
inter-frame alignment to ensure temporal coherence. Optical
flow-based alignment, as in PWC-Net [21], warps adjacent
frames before feature fusion, while deformable convolution-
based alignment [22] enables spatially adaptive sampling to
cope with local geometric variations. Representative examples
include DVDnet [1] and FastDVDnet [13], which extend
single-image denoisers into sliding-window architectures that
jointly process multiple neighboring frames without explicit
flow computation, and EDVR [23] and RViDeNet [24], which
adopt pyramid-based, deformable alignment modules to handle
large motion and parallax before multi-scale aggregation. Be-
yond local temporal windows, attention-based networks [25],
[26] employ non-local or transformer architectures to capture
long-range dependencies, while recurrent architectures like
FIoRNN [27], BasicVSR [28], and BasicVSR++ [29] leverage
bidirectional or recursive propagation for progressive refine-
ment with reduced memory cost. Relatedly, MSTMN [30] use
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multi-scale spatiotemporal memory network for lightweight
video denoising. Nevertheless, these approaches require paired
clean—noisy video data and often do not generalize well to
noisy real-world scenarios with unknown noise statistics.

B. Unsupervised Video Denoising

To remove the dependence on paired clean videos, a variety
of unsupervised denoising frameworks have been proposed.
A first line of work extends the Noise2Noise paradigm [9]
to videos by exploiting noise independence across frames.
Multi-Frame2Frame [11] uses motion-compensated neighbors
to construct pseudo noisy—target pairs, while R2R [31] and
VER2R [12] apply re-corruption schemes to synthesize mul-
tiple noise realizations of the same content, enabling learning
from corrupted—corrupted pairs without clean supervision. A
second line relies on blind-spot networks [32], which mask
the receptive-field center to prevent identity mappings and
thus allow self-supervised training from single noisy inputs.
Complementary blind-spot designs have also been explored for
real-noise self-supervised denoising [33], [34]. ViDeNN [35]
predicts clean frames directly from noisy sequences, and
UDVD [5] extends blind-spot modeling to videos by stack-
ing neighboring frames for joint spatiotemporal denoising.
Subsequent methods such as RDRF [6] and STBN [14]
enrich recurrent propagation and spatial receptive fields to
capture stronger temporal context, while TAP [6] adopts a
teacher—student strategy that distills pre-trained image or video
denoisers as soft supervision on the target domain. Beyond
natural videos, self-supervised denoising has also been applied
to fluorescence microscopy and volumetric imaging under
extremely low signal-to-noise ratios. DeepCAD [3], [36] and
DeepSeMi [37] leverages repeated or temporally adjacent
measurements in 3D calcium imaging, and SRDTrans [38]
exploits spatial redundancy with transformer-based modeling
to recover fine neural structures. Yet these methods still rely
on short temporal windows, grid-based representations, and
explicit frame alignment, making them sensitive to flow errors
and illumination changes and limiting fine-detail recovery.

C. Implicit Neural Representations

Implicit neural fields (INF) [15], [17] have recently emerged
as a powerful framework, which model continuous signals
for coordinate-conditioned representations, in contrast to grid-
based CNNs that operate on discrete pixels or voxels. Early
works such as SIREN [15] showed that simple MLPs, driven
only by spatial coordinates, can faithfully fit complex geom-
etry and high-frequency patterns through suitable activation
schemes. Building on this idea, LIIF [39] and MetaSR [40]
couple feature encoders with local implicit heads to realize
arbitrary-scale image super-resolution, decoupling output res-
olution from the training grid. INR-based image restoration
models further exploit the implicit smoothness and spectral
bias of coordinate MLPs for unsupervised or instance-specific
recovery, particularly for blind image restoration [41], [42]. In
dynamic scene modeling, NeRF [16] and time-aware variants
Boosting-NeRV [43] jointly parameterize radiance as a func-
tion of 3D position, yielding temporally consistent novel-view
synthesis. For video restoration, VideoINR [44] represents a
video as a space—time neural field for joint spatial and temporal
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Fig. 2: Formulation illustration: (a) a video as discrete sam-
ples from a continuous illumination field; (b) the continuous
spatiotemporal and spectral implicit field from discrete videos.

super-resolution, while VRINR [45] extends this idea to a
general video restoration backbone that avoids explicit optical-
flow estimation. These studies collectively indicate that INRs
naturally impose spatiotemporal continuity and cross-frame
consistency without relying on discrete grids or fragile motion
estimation. However, INR-based designs specifically tailored
for self-supervised video denoising remain largely unexplored.

III. PRELIMINARY

In this section, we provide the theoretical motivation for our
design from three complementary perspectives. First, we view
video as a discrete sampling of an underlying continuous illu-
mination field and show how fixed space—time grids constrain
representational capacity. Second, we recall the approximation
properties of implicit neural fields, which offer expressive and
resolution-agnostic modeling of spatiotemporal signals. Third,
we exploit their differentiability to access spatial and temporal
derivatives, enabling more robust modeling of motion dynam-
ics and spatiotemporal consistency. These three aspects are
formalized as core principles that guide the SINF framework.

A. Discrete Video Modeling

Proposition 1. The video is a discrete sampling of the
continuous illumination field L(x,y,t) on a space-time grid.
This representation has limited capacity at fixed resolution.

Explanation. Traditional video modeling methods represent
videos as a sequence of discrete image frames, where each
frame is a 2D grid of pixel intensities. Let the ideal video
signal be a continuous spatiotemporal function:

L(z,y,t) : R* x R — R3, 1)

where (z,y) € R? are continuous spatial coordinates, ¢t € R
is continuous time, and the output in R3 denotes RGB inten-
sity. This formulation assumes that the visual scene evolves
smoothly over both space and time, capturing geometric and
photometric variations, as illustrated in Fig. 2a.
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However, in practical acquisition systems, L(z,y,t) is sam-
pled over a discrete space-time lattice V' (4, j, k):

where z; = j- Az, yp, = k- Ay, t; = i - At with Az, Ay,
and At being the spatial and temporal sampling intervals.

The fixed-resolution discrete grid thus imposes a strict upper
bound on representational capacity. Formally, the sampled
video can be expressed as a projection:

P
Or L= cpdp(z,y.1), 3)
p=1
where Iz, denotes the orthogonal projection from F onto
Fn, and ¢, is defined by the sampled values. The different
frequency content is approximated by the limited basis {¢)}.
Since dim(Fy) = P is finite, any component of L lying
outside Fx cannot be represented without error, including
fine-grained spatial detail or high-order temporal variation.
This finite-dimensional constraint implies that, for a fixed
spatial resolution (N, N,) and temporal resolution Ny, the
representational capacity of a grid-based video model is
strictly bounded. Even modern deep architectures cannot in-
herently recover the continuous trajectories of moving objects
or high-order temporal variations. High-frequency content in
either space or time is only approximated by the limited basis.
Modeling the illumination field L(x,y,t) as a continuous
function can break free from the constraints of fixed grids. The
shift towards continuous-domain representations is essential.

B. Implicit Neural Field

Proposition 2. An implicit neural field fg(x,y,t) can
approximate a continuous video function with arbitrary preci-
sion, offering superior frequency modeling capability.

Explanation. Let the underlying video signal be a contin-
uous spatiotemporal function:

V:R*xR =R L(x,y,t)— V(z,y,t), 4)

where (z,y) denote continuous spatial coordinates and ¢
denotes continuous time. An implicit neural field is defined
as a neural network parameterized by 6:

f9 :RS(I,y7t)—>R3(T,g7b), (5)

which directly maps normalized coordinates (x,y,t) to their
corresponding RGB intensity values (7, g, b). As illustrated in
Fig. 2b, discrete video samples supervise the spatiotemporal
implicit field, which we further analyze in the spectral domain.

Unlike explicit grid-based methods that store discrete sam-
ples V (4,4, k) in memory, the implicit formulation treats the
video as a continuous function over space and time. This
continuous view enables evaluation at arbitrary resolutions and
time steps, which is naturally suited to restoration tasks. Its
advantages can be summarized as follows.

1) Universal approximation. From a theoretical perspective,
the universal approximation theorem ensures that, for any
continuous video function V' and any € > 0, there exists a
parameter set 6 such that:

Hfg((E,y,t)—V($7y7t)||2 <g, (6)

sup
(z,y,t)EQ

provided fp has sufficient depth, width, and non-linear acti-
vation. Here, 2 C R? denotes the bounded spatiotemporal
domain of interest. Thus, an implicit neural field can approx-
imate the underlying video signal with arbitrarily small error.

2) High-frequency expressivity. Conventional neural net-
works with ReLLU or other low-frequency-biased activations
tend to underfit rapidly varying signals due to spectral bias.
By contrast, applying Fourier feature embeddings:

v:R* 5 R™, ~(p) = [sin(27Bp), cos(2rBp)]|, (7)
where p = (z,y,t) and B € R™*3 is a frequency scaling
matrix, or adopting sinusoidal activations as in SIREN, allows
the implicit neural field fy to represent signals with high spa-
tial frequencies and fine temporal variations. This capability
is crucial for reconstructing edges, textures, and fine-grained
motion that are often lost in grid-based approximations.

3) Parameter efficiency. Implicit neural fields provide a
compact parameterization. An explicit grid-based represen-
tation of a video of size H x W with T frames requires
storing O(HWT) scalar values (e.g., RGB intensities for each
spatiotemporal sample). In contrast, an implicit neural field
fo : R® — R? is parameterized by a fixed-size vector @ of
length P(6), and the storage ratio between explicit and implicit
representations can be expressed as:

_ P
"= HWT

Moreover, since fy defines a continuous mapping over co-
ordinates, its representation is independent of the discretiza-
tion level, enabling evaluation at arbitrary resolutions without
increasing the parameter count. This compactness supports
generalization to unseen coordinates without retraining.

In general, an INF model embeds video as a continuous
coordinate-to-signal map fy(z,y,t), replacing fixed-grid stor-
age with a parametric spatial function. Leveraging universal
approximation and frequency-rich embeddings, it provides
a high-fidelity, resolution-independent representation and a
principled alternative to discrete grid-based video models.

< 1. ®)

C. Spatiotemporal Continuous Learning

Proposition 3. In video modeling, an everywhere differen-
tiable function ¥V, 1 fo(x,y,t) enables robust and continuous
learning of higher-order spatiotemporal dynamics.

Explanation. Temporal coherence is critical in video tasks,
yet optical-flow based methods often fail under noise, occlu-
sions, or non-rigid motion. Implicit differential modeling of-
fers a more robust alternative by letting the model infer motion
directly from the derivatives of a continuous field. Since the
INF model fy(z,y,t) is a continuous and smooth function, its
temporal and spatial derivatives can be analytically computed
and encode rich dynamic information:

0

g(gg, y,t) — local velocity at pixel (z,y), 9)
9 fo . .

512 (x,y,t) — acceleration or motion change rate. (10)

Authorized licensed use limited to: Tsinghua University. Downloaded on April 21,2026 at 08:08:07 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Pattern Analysis and Machine Intelligence. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOI 10.1109/TPAMI.2026.3680159

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

08 M

—— ReLU -2
Tanh

Response Amplitude
)
>
Derivative Value

—— RelLU
Tanh

Sigmoid -4
—— SIREN

—— Sigmoid
—— SIREN

0 2 4 6 8 10 -2 -1 0 1 2
Frequency (Hz) X-Coordinate

(a) Frequency response (b) Derivative smoothness

Fig. 3: Comparison of four activation functions: (a) Response
amplitude across temporal frequencies; (b) Second derivative
smoothness, showing the continuity advantage of SIREN.

Similarly, spatial gradients capture texture edges and sharp-
ness, which are useful for structure preservation:

dfo 5f9> .

%7@ (11)

vw,yf9($>y7t) = (

The temporal evolution of a pixel value can then be formu-
lated through Taylor expansion or integration of its derivatives.
Under the assumption of smooth motion, the intensity at time
to can be approximated by:

to a 9

7($7 Y, T) dTa

N (12)
t1

f9<x3y7t2) ~ f@(x7yat1) +

which enables the reconstruction of pixel trajectories over
time, promoting natural motion continuity and mitigating
frame-to-frame inconsistency.

In practice, accurately capturing such trajectories requires
activation functions with sufficient temporal bandwidth. In
Fig. 3a, sinusoidal representation networks (SIREN) [15] ex-
hibit a markedly stronger high-frequency response than ReLU,
Tanh, and Sigmoid, making it well suited for modeling fast
temporal variations. SIREN achieves this by using periodic
activations, where each hidden layer is defined as:

h; = sin (woW;h;_1 +b;), (13)

where W and b are trainable parameters and wq controls the

frequency range. SIREN is infinitely differentiable, ensuring

that fp and its temporal derivatives a(;t{ie exist for all n € N.

As sinusoids form a Fourier basis, the activation can represent

both smooth low-frequency motion and sharp high-frequency
variations. The temporal component of V fy is written as:

K
Viet)~ Y are™', wieR, (14)
k=—K

where the coefficients ay are implicitly learned, and the set of
frequencies {wy } is determined by wp and the learned weights.
Beyond frequency coverage, as shown in Fig. 3b, SIREN
exhibits smoother and more stable second derivatives, pro-
viding well-behaved higher-order dynamics. Such everywhere-
differentiable implicit representations support continuous spa-
tiotemporal modeling, where high-order motion cues enforce
temporal coherence and preserve fine textures under noise.

IV. METHOD
A. Overview

In this chapter, the unsupervised video denoising pipeline
was first formalized in IV-A1, and enabled by the blind-spot J-
invariant paradigm in IV-A2. Our overall framework integrates
bidirectional encoding, spatio-temporal implicit modeling, and
graph alignment, optimizing a unified model to produce tem-
porally consistent clean outputs in IV-A3 and [V-A4.

1) Problem Definition: We consider the task of unsuper-
vised video denoising, where the input is a noisy sequence:

V:{It}?:ly It ERHXWX3,

with T" frames of spatial resolution H x W. Each noisy frame
I, is assumed to be a degraded observation of the unknown
clean frame C}, corrupted by varying noise ¢;, formulated as

Ii(s) = Ci(s) + e(s), (15)

where €;(s) may follow a non-i.i.d. and heteroscedastic distri-
bution, and {2 denotes the spatial domain of pixels.

The objective is to recover the clean video {C;}Z_; solely
from the noisy observations {I;}. Unlike grid-based methods,
we model the video as a differentiable spatiotemporal field
over (s,7) € R? x R and learn a parametric function

s=(z,y) € Q,

Fo: (s, 7)—¢C€R3, (16)

where ¢C is the predicted RGB value at arbitrary coordinates.
At integer frame indices ¢ € {1,..., T}, we evaluate the field
at 7 = t to recover the discrete clean frame estimates Cy; at
fractional 7, it enables temporally continuous interpolation.
From this perspective, the problem is equivalent to recon-
structing an underlying clean signal manifold in R2 x R — R3
space, using only sparse and noisy samples {I;} observed
on integer lattice points. The continuous formulation naturally
bypasses the limited receptive field and optical flow reliance.
2) Self-Supervised Paradigm: Without paired labels, a core
challenge in video denoising lies in preventing the network
from degenerating into identity mapping, i.e., directly repro-
ducing the noisy input without learning the underlying signal.
Blind-spot based self-supervision has emerged as a widely
adopted paradigm. The central idea is to enforce [J-invariance:
each prediction is inferred from spatiotemporal context with-
out using its own noisy observation. We implement this by
masking the target in the input and computing the loss only on
masked sites, preventing leakage of the held-out measurement.
Formally, given a noisy frame [I;, we define a masking
operator M that removes a subset of pixels from the receptive
field of the network. Let x € €2 denote a spatial location, then
the masked input is expressed as

0, x € M,
L(x), x¢ M,
where M is sampled stochastically per iteration, ensuring that

each pixel is eventually predicted without self-reference. For
any masked target x € M, the estimator can be written as:

(x) = (17)

_ aC
Ct(X):f(It(M), {Itfk,antJrk}) S a[;((xx))zo,
(18)
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and a time-aware spatial graph module refines cross-frame alignment, yielding denoised frames with spatiotemporal coherence.

meaning that the prediction at x is invariant to the held-
out observation I;(x). Since the mask is resampled across
iterations, taking expectation over random masks ensures that
every pixel is optimized under the same blind-spot constraint.

Given the masked input I t(M) together with adjacent frames
{Li—k, .. ';\It-l-k}? the network learns to reconstruct the clean
estimate C at the corresponding positions. Since the target
pixel I;(x) is excluded from the receptive field, the model
cannot trivially replicate the noisy observation, but is instead
encouraged to exploit spatio-temporal correlations for restora-
tion, enabling fully unsupervised learning.

3) Overall Network: As shown in Fig. 4, our framework
builds on the blind-spot paradigm and integrates spatio-
temporal information in a continuous and consistent manner.
The goal is to learn an implicit function that maps discrete
spatio-temporal coordinates (z,y,t) into RGB values, thereby
reconstructing a clean sequence from noisy inputs. The blind-
spot mask is applied at the network input, so all subsequent
modules operate only on masked-context features and the
center measurement is never accessible to the prediction.

Specifically, given a sliding window of consecutive frames:

Ty ={li—k,..., 1, I €

the network progressively refines the noisy center frame I; into
its clean counterpart C; while ensuring temporal coherence
across the video. We perform bidirectional encoding with
two complementary encoders, a forward encoder Fy and a
backward encoder F},, which take each masked frame IﬁM)
and propagate information in opposite temporal directions. The
self-supervised loss is evaluated on masked target, ensuring
that each predicted pixel is trained without self-reference.

To enrich temporal awareness, a global implicit temporal
embedding (ITE) maps the normalized timestamp 7/7 into a
continuous feature space via a sinusoidal activated MLP. The
resulting time encoding is injected into both encoders, such
that the encoded features are aware of both spatial content and

HxWx3
-7It+K}a R X X)

temporal position. At each timestep, the forward and backward
states are concatenated into a unified temporal representation:
H, = Fy (I ITE®)) @ (I ITE®).  (19)
Inside both F'y and Fj}, the Blind-Spot Implicit Neural Field
(BS-INF) is proposed as the core representation mechanism.

The encoder feature maps are projected into coordinate-aware
embeddings through a modulation function :

= w(F‘r(xv y))7

which are then combined with spatio-temporal positional en-
codings 7(z,y, 7) and decoded by the implicit function Fg to
produce local blind-spot constrained predictions:

ET(LU, y) = F@(’Y(-T,Q,T),Z-,—(.T,y)).

Since z. is extracted from masked inputs, the coordinate-based
decoding does not introduce any access to the held-out center
measurement. Embedding BS-INF into bidirectional encoders
enables the network to enforce a global blind-spot receptive
field, while building a continuous implicit coordinate-based
representation that captures global spatio-temporal context.
Then, we designed the time-aware spatial graph module
(TSGM) to achieve bidirectional spatio-temporal alignment
and cross-frame fusion. For each spatial location (z,y) in the
current frame, TSGM constructs a graph over its neighborhood
N (z,y) and adjacent frames {t — K, ...,¢t + K}. Temporal
alignment is guided by the continuous embeddings provided
by ITE, while spatial alignment is achieved through graph-
based attention that adaptively aggregates semantically con-
sistent pixels. TSGM aggregates within a symmetric temporal
window 7 € [t — K,t + K] of length 2K+1, and applies
boundary renormalization when the window is truncated.
Nodes are window tokens in a local w4 xXwg region and edges
are instantiated by localized attention between time coordinate,

z-(x,y) z, € R%, (20)

2n
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with time weights computed from the normalized timestamp.
The fused representation is formalized as:

= TSGM({ET(wla y/)}TE[t—K,t+K],(x’,y’)EN(x,y))'
(22)
The TSGM aims to aggregate contextual predictions within a
bounded window and thus preserves the blind-spot constraint
while enlarging the usable spatiotemporal context.
Finally, the fused embeddings z; (x, y) are fed back into the
implicit field Fg to reconstruct the clean output:

at(xa y) = F@(7<x7y7t)7zj(x>y))'

Collecting predictions over all spatial coordinates (r,y) €
Q) forms the clean frame Ct And we repeated this Brocess for
each ¢ reconstructs the full denoised video V = {CYE .

The entire pipeline can be summarized as

z; (2,y)

(23)

(Fy,Fy,BS-INF)+ITE TSGM z Fo

1

Ht Ct7

where Iy and F;, provide globally enriched blind-spot features,
ITE offers continuous temporal awareness, TSGM achieves
spatio-temporal alignment, and the implicit field reconstructs
the final clean outputs. By integrating these components into
a unified pipeline, the network progressively refines noisy ob-
servations into spatio-temporally consistent clean predictions.

4) Loss Function: The self-supervised loss is constructed
by comparing network predictions with observed noisy pixels
at masked positions. Let Ct denote the reconstructed clean
estimate of the center frame I;, and let M denote the blind-
spot mask defined in Eq. (17). The prediction of a pixel at
location x € M is given by Cy(x), while the corresponding
noisy observation is I;(x). The blind-spot reconstruction loss
for frame ¢ is formulated as the masked mean squared error:

> [ICitx)

xeM

2
L= \MI x)[- (24)
Since supervision is imposed on multi-scale masked sites, the
blind-spot objective does not assume i.i.d. Gaussian noise and
remains compatible with non-i.i.d. heteroscedastic corruption.

Extending to the full sequence V = {I;},, the total
training loss is obtained by averaging over all frames and their
corresponding randomly sampled masks:

1 T
T Z EM [ﬁt] )
t=1

where the expectation E [] is taken over randomly sampled
mask patterns during training. It ensures that all pixels are
eventually optimized, while strictly enforcing the J-invariance
constraint inherent to self-supervised video denoising. No
noise-type parameters are required in either training or infer-
ence, as optimization is driven solely by the blind-spot self-
supervision on the observed sequence, enabling direct cross-
domain transfer under native noise statistics.

Etotal = (25)

B. Blind-Spot Implicit Neural Field

Blind-spot denoising masks the center pixel to avoid identity
mapping but remains constrained by local receptive fields
on discrete grids, struggles to capture motion, long-range

Wy,

[sin2*zp,cos2*mp ]

Spatial Position Embedding

[ooor].[ . Jow
Il.lﬂ¢

| Fourier Position Embedding

w
mmemmp

I
'
'
'
'
'
'
'
'
'
'
I
1
i
i x:, ;)
'
'
'
'
'
'
'
I
I
I
'
'
'
'
'
'
'

INR Encoder
Spatlal Coord

o
Fourier Encoder
Fourier Decoder
1

3 i

Gate Dot-product <~
Mask Coordinate Field

(m;, n;) £
Blind-spot |—¢—|
Mask ! )
\ _Mask Coordinate

0jojo
0110
0]0]0

Feature Flatten

Fig. 5: Internal details of the coordinate INF module. The mask
coordinate field is modulated by spatial and Fourier position
embedding, producing globally consistent mask encoding.

dependencies, and structured noise. The BS-INF module cou-
ples blind-spot masking with spatiotemporal coordinate-aware
implicit modeling, expanding the effective receptive field and
recovering detailed context beyond convolutional limits.

As shown in Fig. 4, our overall architecture incorporates the
BS-INF module, which integrates masked convolutions with
coordinate-driven implicit neural representations to adaptively
expand the receptive field over the entire image.

Given the flow-aligned feature map F, € R7*WX*d corre-
sponding to frame I, we first apply masked convolutions that
remove the center pixel from the receptive field, followed by
dilated convolutions to enlarge neighborhood coverage:

U, = DilatedConv(MaskConv(FT))7 (26)

which aggregates detailed local structures around the masked
location without directly accessing the noisy center pixel.

In parallel, as shown in Fig. 5, the coordinate-INF branch
treats inputs as continuous signals by constructing a masked
coordinate field and modulating it with spatial and Fourier
positional embeddings. Each pixel index (x,y) in frame 7 is
first normalized into [—1,1] to eliminate scale dependence:

. 2z - 27

T = W 1, g= 1, t= a 1,
where (W, H,T) denotes the spatial width, height, and the
total number of frames. Then we embed these normalized
coordinates into a high-dimensional Fourier feature space:

27

1(p) = [sin(2"7p), cos(2'7p)], P = (&,0.0), (28)
which expands (7,7, %) into multi-band sinusoidal basis func-
tions, enriching fine-scale spatial and temporal structures.

To maintain blind-spot masking in the coordinate domain,
we further incorporate a binary mask that indicates whether a
location corresponds to a visible neighbor or a hidden center

pixel. The masked positional encoding is defined as:

Az, y,7) =

ensuring that the implicit field is driven only by non-masked
coordinates, while still allowing the network to infer missing
center values through continuous spatiotemporal mapping.
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Fig. 6: Details of the time-aware spatial graph module. Time
alignment encodes temporal coordinates, while space align-
ment aggregates local interaction via the cross graph attention.

The implicit neural field is parameterized by an MLP fy,
which maps the encoded coordinates and local features into a
continuous latent representation:

V-,—(l‘,y) = f@(:}/(l‘,y,T),FT(Qf,y)),

This implicit representation effectively endows each blind-spot
with a theoretically unbounded receptive field, enabling re-
construction of the masked center from global spatiotemporal
dependencies rather than local neighborhoods alone.

The local masked—dilated features and global coordinate-
INF features are then fused through a lightweight multilayer
perceptron, consisting of a linear layer, a ReLLU activation, and
a second linear projection:

ZT(x7y) = MLP([UT(I,y),VT(I, y)])

The fused blind-spot features z. are propagated through the
forward encoder Iy and backward encoder Fy, for bidirectional
prediction ¢, (z,y) in Eq. (21), effectively balancing local
masked aggregation and global implicit modeling.

v (z,y) € R™. (30)

€29

C. Implicit Temporal Embedding

The implicit temporal embedding module provides explicit
temporal position awareness through continuous coordinate
representation. It preserves frame order, enhances long-range
consistency, and offers a smooth temporal prior with high-
frequency expressiveness in Fig. 3, reducing reliance on opti-
cal flow while improving fine-grained motion reconstruction.

Given a video sequence V = {I;}L_,, each frame index t
is normalized into the continuous interval [0, 1]:

7 t—1
S T-1
so that the model treats time as a continuous variable. This
normalized timestamp serves as the fundamental temporal
coordinate for implicit modeling, ensuring consistency across
sequences of varying lengths.

To embed temporal dynamics, we adopt a sinusoidal rep-

resentation network (SIREN), which is suited for encoding

te(o,1], (32)

both smooth variations and fine high-frequency changes. The
sinusoidal nonlinearity is applied in the temporal embedding
®(t) without replacing the activations, so it does not globally
increase the model tendency to fit high-frequency noise. Each
timestamp is mapped into a high-dimensional latent vector:

er = ®(f) = Wy sin(Wif + b1) + ba, (33)

where Wy, Wa,by,by are learnable parameters and sin(-)
serves as the nonlinear activation. Compared to ReLU-based
mappings, this formulation provides a richer spectral fitting,
enabling the model to naturally interpolate continuous dynam-
ics and capture subtle frame-to-frame variations. To further
strengthen the temporal expressiveness, we also allow multi-
scale sinusoidal components to be stacked in matrix form, i.e.,

Et ==

[sin(wlf),cos(wlf), ,sin(wa),cos(wa)], (34)

where {wy}5_, are learnable or fixed frequency coefficients.
This compact representation provides a scalable way to capture
temporal changes across multiple frequency bands.

The temporal embedding is broadcast across spatial dimen-
sions and concatenated with the encoder feature map as:

Ht(x’y) = [Z-,—(ZC,Z/), et]-

In this way, every spatial position (x, y) explicitly incorporates
global temporal information, providing consistent cross-frame
reasoning even under noisy or misaligned conditions.

From a functional perspective, the temporal embedding can
be interpreted as a continuous implicit field:

¢:R—=RY e =g(i),

which generalizes beyond discrete timestamps. Since ¢ is
differentiable, temporal derivatives can also be computed,

vy = Vi9(t), (37)

offering a velocity-like descriptor that implicitly encodes mo-
tion tendencies. This property enables the model to recover
fine-grained temporal dynamics and preserve high-frequency
details without relying on explicit pixel-level flow estimation.

To ensure consistency across long temporal ranges, ITE is
applied to both forward and backward propagated features,
producing enriched states H;” and H;~. Their fusion forms a
global temporal context embedding as:

H, =H;” @ H

(35)

(36)

(38)

By combining explicit coordinate-driven embeddings with
bidirectional propagation, the model achieves robust temporal
alignment and smooth cross-frame consistency.

D. Time-Aware Spatial Graph Module

TSGM fuses the current frame with its temporal neighbors
to align fine spatial details while preserving cross-frame co-
herence. As illustrated in Fig. 6, TSGM operates in two tightly
coupled stages: time alignment, which injects continuous tem-
poral embeddings into per-pixel features, and space alignment,
which performs localized graph attention to establish reliable
cross-frame correspondences. The module outputs refined per-
pixel embeddings that are better suited for final reconstruction.
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(i) Time alignment. We treat time as a continuous coordinate
and explicitly inject a compact multi-frequency temporal code
into every pixel feature. Let 7 = (7—1)/(T—1) € [0, 1] be the
normalized timestamp. The Fourier feature operator FF x (-)
produces a compact multi-frequency descriptor as:

2 = FF,,(7) € R?™,

where FF,,, concatenates m sine/cosine components. A small
SIREN-style MLP then maps z, to a temporal embedding

¢r = MLPg,(2,) € R%,

We broadcast and inject ¢, into the encoder hidden map H.-
via a learned linear mapper B € R%*% as:

Ur(xay) = Hr(mvy)+B¢T~ (39)

This additive injection provides an explicit continuous tem-
poral coordinate at every spatial location, yielding soft cross-
frame alignment without explicit optical-flow warping.

To further disambiguate motion under heavy noise, the
temporal embedding is differentiable and can provide velocity-
like cues. In practice, we optionally compute a finite-difference
approximation of the temporal derivative,

v, ~ Pri1 — Proa

2AT ’
and concatenate or linearly fuse v, with ¢, before injection
in Eq. (39) when higher motion sensitivity is required.

Time alignment yields a set of time-aware feature maps
{U,}HE - for subsequent spatial processing. We also
compute scalar time-compatibility scores between the target
timestep ¢ and its neighbors using the ITE embeddings:

_ ndn) L exn(s(r)
s(r) = —4)/—, ar = =—————,
Ttemp Z#;ét GXP(S(IU,))
where Tiemp 1s a learnable temperature. The weights . act
as time-aware gating for later spatial aggregation.
(ii) Space alignment. Based on the time-aware feature maps
{U, tleti x» Space alignment finds reliable spatial correspon-
dences and aggregates evidence across temporally compatible
frames. Nodes are tokens within each w,xw, local window
and directed edges ¢t <— 7 are defined by the attention weights.
We build a localized spatiotemporal graph by operating inside
non-overlapping windows and perform cross-frame attention.
We first partition each feature map into non-overlapping
windows of size ws x ws; let Wi,s(+) denote this windowing
operator and W, !(-) its inverse that reassembles windows
back to the full lattice. For window index w, we define:

UY = W,o(U,;) e RV*4 N = s?,

where each row of UY corresponds to a node in the window.
Within each window we compute linear projections to
obtain query, key, and value matrices:

Q' =U/W,, KI=UIW, VIZ=UIW,,
where W,, W, € R?¥4a and W,, € R¥% reduce dimen-

sionality for efficiency. The neighbor-to-target attention within
window w is computed as:

(40)

(41)

QYK

Jdy

AY = softmax(

+AME,),  @2)

9
L= ALV (43)
where M}’ __ is an optional logit bias derived from appearance

similarity or a learned mask, and 3 controls its influence. Tem-
poral aggregation then combines contributions from multiple
neighbor frames using the time-gating weights o in Eq. (40):
Of = a,08,, 7telt-Kt+K]. (44
The scalar o favors temporally compatible frames and sup-
presses noisy or distant ones before spatial aggregation.

The windowed graph attention thus behaves as a localized
graph neural network, where each window forms a subgraph of
N nodes, with the softmaxed QK product defining adjacency
and multiplication with V performing message aggregation.
The full-map response from all windows is reassembled as

0; = Wl ({0} }). (45)

We refine 6,5 with a shallow projection block to obtain the
aligned representation z; = Glaiign(O¢), and decode it with a
convolutional mapper Fg, yielding the final clean prediction:

Ci = Fo(Gaiign(0y)). (46)

Overall, TSGM replaces explicit optical-flow warping with
continuous time encoding and localized cross-frame graph at-
tention, enabling robust spatiotemporal alignment under noise
and motion. It thus provides motion-aware and coherence-
preserving features for the final implicit reconstruction.

V. EXPERIMENTAL RESULTS
A. Datasets and Metrics

Datasets. For comprehensive assessment across diverse con-
ditions, we evaluate on both synthetic and real noisy datasets,
covering a wide range of noise levels and motion patterns.

1) Synthetic Noise. To ensure consistency with previous works,
we employ the commonly used DAVIS [46] and Set8 [I]
datasets. DAVIS contains 150 high-quality natural videos with
diverse object motions and complex dynamics, while Set8
consists of 8 high frame-rate sequences widely adopted in
video restoration tasks. To simulate controlled degradations
with varying noise levels, we add i.i.d. additive white Gaussian
noise with standard deviation o € [5,55] to the clean frames.
2) Real-world Natural Noise. For real raw noise, we adopt
the CRVD dataset [24], which contains 55 dynamic scenes
captured under five ISO levels (1600-25600). Each indoor
sequence provides multiple noise realizations with paired clean
reference frames obtained by averaging repeated captures,
while outdoor videos contain only noisy measurements. This
dataset over 300 sequences, reflects the practical challenges of
burst noise, spatial inhomogeneity, and high-ISO acquisition,
serving as a reliable benchmark for real-world video denoising.
3) Microscopy Noise. To assess real-world robustness in scien-
tific imaging, we further use public fluorescence microscopy
sequences from DeepCAD [3], [36], including mouse brain
neutrophils, zebrafish optic tectum neurons, and multiple ze-
brafish brain regions. The in vivo recordings are acquired
under photon-limited conditions in challenging scenarios.
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Metrics. The peak signal-to-noise ratio (PSNR) and structural
similarity index (SSIM) are reported to measure distortion and
structural fidelity. For perceptual evaluation, we additionally
use learned perceptual image patch similarity (LPIPS) for
perceptual similarity, natural image quality evaluator (NIQE)
for no-reference image quality, and a learned flicker detector
(LFD) to quantify temporal flicker artifacts.

B. Implementation Details

For synthetic benchmarks, input sequences are cropped into
96 x 96 patches with temporal length 7' = 5, while for real
raw-noise datasets we use 1’ = 3 neighboring frames, and all
frames are normalized to [0, 1] before training. On synthetic
data, we use a supervised negative log-likelihood loss Liog,
whereas on real noisy videos without ground truth we adopt a
self-supervised blind-spot Lo loss combined with a distillation
term weighted by o = 5 x 10* to stabilize optimization.
Unless otherwise stated, we optimize SINF per dataset and per
sequence for real noise with a shared default configuration and
no noise-type parameters; cross-dataset differences are limited
to engineering settings such as 7" and patch/tiling for memory.
We optimize with Adam [53] using an initial learning rate of
1x 1074, B1 = 0.9, By = 0.999, gradient clipping with max
norm 5, and weight decay 1x1075; the batch size is set to 8 for
synthetic datasets and 4 for real-noise datasets. For synthetic
benchmarks, we apply Gaussian noise with o € [5, 55], while
for real data we randomly sample across ISO levels to improve
robustness. The encoder—decoder backbone uses 5 stages with
channel sizes 32,64,128,128,128 and residual blocks; the
implicit temporal embedding is implemented as a 3-layer
sinusoidal MLP with hidden dimension 64; the time-aware
spatial graph module operates on 7 x 7 windows with temporal
radius K = 3 and 4 attention heads; and the final implicit
neural field head Fg is a 4-layer MLP with hidden width 128
and ReL.U activations. All models are implemented in PyTorch
and trained on a single NVIDIA RTX 4090H GPU.

C. Comparison with State-of-the-arts

To comprehensively evaluate our method, we compare
SINF against a broad set of baselines, including the tradi-
tional non-learning method VBM4D [47], supervised models
NAFNet [48], FastDVDnet [13], PaCNet [49], FIoRNN [27],
and RViDeNet [24], as well as unsupervised approaches
MF2F [11], RFR [31], UDVD [5], RDRF [6], ER2R [12],
TAP [6], and STBN [14]. For synthetic Gaussian denoising,
MF2F, RFR, and ER2R are trained and evaluated on Set8
and DAVIS, whereas UDVD and RDRF are trained on the
DAVIS training split and tested on its validation/test sets. For
real raw video denoising, all unsupervised methods are trained
on the CRVD training split covering both indoor and outdoor
scenes and evaluated on the official indoor and outdoor test
sets following the standard protocol. All competing methods
are run under the same noise settings and experimental con-
figurations, and their results are obtained either from official
implementations or from the original publications.

1) Synthetic Noise: We first evaluate the proposed method
on synthetic Gaussian noise following the standard settings
in prior work [5], [14], [27]. Experiments are conducted on

10

the DAVIS and Set8 datasets, which cover diverse motion
patterns and scene complexities, and all models are trained
under identical noise distributions for fair comparison. The
quantitative results are reported in Table I. SINF consistently
outperforms all unsupervised baselines, exceeding the second-
best unsupervised method by more than 0.8 dB on DAVIS and
over 1.1 dB on Set8 in average PSNR, with similar gains in
SSIM, which highlights the effectiveness of the proposed con-
tinuous spatiotemporal modeling. Notably, SINF also achieves
performance competitive with supervised methods such as
FloRNN [27]. Representative visual comparisons in Fig. 7
further highlight these gains. By parameterizing video as
a continuous spatiotemporal manifold and casting denoising
as a coordinate-based reconstruction problem, SINF better
preserves high-frequency structures and maintains temporal
coherence than discrete frame-based networks that depend on
local motion compensation. Competing methods such as RFR
and UDVD often yield oversmoothed textures and noticeable
flicker in fast-motion regions, whereas SINF recovers sharper
edges, finer details, and more consistent motion patterns, pro-
ducing visually cleaner and temporally more stable sequences.

2) Real-world Raw Noise: To further assess robustness
under realistic noise, we evaluate SINF on the CRVD real
raw video denoising benchmark, which contains sequences
captured under varying ISO levels and illumination conditions.
Following the standard unsupervised protocol [5], [6], all
models are trained on the CRVD indoor subset and tested
on both indoor and outdoor scenes. Competing approaches
include the traditional supervised methods FastDVDnet [13],
RViDeNet [24], MaskDnGAN [52], and FIoRNN [27], as well
as five unsupervised methods. As reported in Table II, our
SINF achieves the best performance among all unsupervised
methods at every ISO level, with an average PSNR gain of
about 1.19 dB over the second-best STBN. Remarkably, SINF
attains performance comparable to or better than supervised
models trained with clean references, indicating strong gener-
alization to unseen, scene-dependent noise distributions. This
gain is largely attributable to the coordinate-based continuous
representation, which allows SINF to implicitly learn both
noise statistics and motion priors without explicit supervision.

Representative visual comparisons for indoor scenes are
shown in Fig. 8, where supervised baselines such as FlIoORNN
tend to oversmooth high-ISO regions and wash out fine
textures, while UDVD and other unsupervised methods often
leave residual high-frequency noise or mild temporal flicker. In
these settings, SINF better suppresses noise while preserving
fine structures on walls, objects, and textures, leading to
cleaner yet detailed reconstructions. Besides, Fig. 9 further
reports results on outdoor sequences with stronger motion and
illumination variations, where existing denoisers degrade more
noticeably, either blurring moving objects or amplifying flicker
under changing lighting. In contrast, SINF maintains clearer
boundaries, more consistent appearance across frames, and
sharper details in both foreground and background, yielding
more visually faithful reconstructions in real-world conditions.

3) Microscopy Noise.: The evaluation on scientific imaging
is conducted on the public fluorescence microscopy data from
DeepCAD [36], covering both synthetic two-photon calcium
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TABLE I: Quantitative evaluation of video denoising results, comparing to the representative methods that are traditional,
supervised or unsupervised approaches. The best and second results among unsupervised methods are highlighted and underline.

Method o=10 =20 o =30 o =40 o =50 Average

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Traditional VBM4D [47] 37.58 - 33.88 - 31.65 - 30.05 - 28.80 - 32.39 -
NAFNet [48] 38779 0965 3537 0933 3347 0904 32.17 0879 31.18 0.858 3420  0.908
Supervised FastDVDNet [13] | 38.71 0962 3577 0941 3404 0917 3282 0.895 3186 0.875 3464 00919
“n PaCNet [49] 3997 0971 37.10 0947 3507 0921 3357 0897 3239 0874 3562  0.922
= FloRNN [27] 40.16 0976 3752 0956 35.89 0944 34.66 0.929 33.67 0913 3638 0944
g MF2F [11] 38.04 0957 3561 0936 3365 0907 3150 0852 2939 0.784 33.64  0.887
RFR [50] 3931 0969 36.15 0942 3428 0917 3292 0893 31.86 0.873 3490 0918
Unsupervised UDVD [5] 39.17 0970 3594 0943 3409 0918 3279 0895 31.80 0.874 3476  0.920
) ) RDRF [51] 3954 0972 3640 0947 3455 0925 3323 0903 3220 0.883  35.18 0.926

ER2R [12] 39.52 - 36.49 - 34.60 - 33.29 - 32.25 - 35.23 -
TAP [6] 39.69 0972 36.62 0948 3471 0925 3337 0903 3236 0.884 3535 0.926
STBN [14] 4035 0961 37.67 0961 36.00 0945 3473 0930 3370 0914 3649 0945
SINF (Ours) 41.38 0983 38.19 0979 36.77 0.958 35.69 0956 3483 0912 3737 0.958

Traditional VBMA4D [47] 36.05 - 32.19 - 30.00 - 28.48 - 27.33 - 30.81 -
NAFNet [48] 36.52 0943 3355 0.802 31.81 0869 3059 0.842 29.65 0.818 3243  0.875
Supervised FastDVDNet [13] | 3644 0954 3343 0920 31.68 0.889 3046 0.861 2953 0.835 3231 0.892
PaCNet [49] 37.06 0960 3394 0925 3205 0.892 30.70 0862 29.66 0.835 32.68  0.895
< FloRNN [27] 37.57 0964 3467 0938 3297 0914 31.75 0891 30.80 0.870 33.55 0.915
0 MF2F [11] 36.01 0938 33.79 0912 3220 0.883 30.64 0841 2890 0.778 3231 0.870
RFR [50] 36.77 0953 33.64 0922 31.82 0.886 30.52 0.864 29.50 0.828 3245 0.891
Unsupervised UDVD [_5] 3636 0951 3353 0917 31.88 0.887 30.72 0859 29.81 0.835 3246  0.890
RDREF [51] 36.67 0955 34.00 0925 3239 0.898 3123 0873 3031 0.850 3292  0.900

ER2R [12] 37.55 - 34.34 - 32.45 - 31.09 - 30.05 - 33.10 -
TAP [6] 38.02 0958 3507 0927 3342 0900 32.10 0875 31.16 0.852 33.95 0.902
STBN [14] 3724 0959 3441 0932 3276 0907 3157 0.884 3062 0.861 3332  0.909
SINF (Ours) 38.79 0975 36.10 0.948 3455 0928 3337 0.899 32.69 0.887 35.10 0.927

TABLE II: Quantitative evaluation of raw video denoising results, comparing to
and unsupervised approaches. The best and second results among unsupervised methods are highlighted and underline.

the representative methods that are supervised

Method ISO=1600 1SO=3200 1SO=6400 1SO=12800 1SO=25600 Average
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
FastDVDNet [13] 4343 0987 4291 0984 4029 0979 36.05 0.961 36.50 0940 39.84  0.970
Supervised RViDeNet [24] 4774 0994 4591 0991 4385 0988 4120 0982 41.17 0982 4397 0987
) MaskDnGAN [52] | 47.52 0994 4588 0991 44.14 0987 4148 0983 40.79 0982 4396  0.989
FloRNN [27] 4881 0996 47.05 0993 4509 0991 4263 0987 4219 0987 4515 0.991
§ UDVD [5] 48.02 0998 46.44 0998 4474 0997 4221 0997 4213 0995 4471  0.997
6 RDREF [51] 4838  0.998 46.86 0998 4524 0998 4272 0.997 4225 0995 4509 0.997
Unsupervised ER2R [12] 49.14 - 47.51 - 45.61 - 43.03 - 4291 - 45.64 -
TAP [6] 48.85 0.992 47.03 0.899 4511 0991 4244 0987 4233 0986 45.15 0.995
STBN [14] 4927 0999 4758 0999 4575 0998 4336 0998 4291 0997 4577 0.998
SINF (Ours) 5043 0998 4847 0999 4693  0.999 4475 0995 4424 0998 46.96  0.998

imaging and in vivo sequences of mouse brain neutrophils,
zebrafish optic tectum neurons, and multiple zebrafish brain re-
gions. For the synthetic setting, different input SNR levels are
generated by varying the relative photon counts, and the results
of DeepSeMi [37], DeepCAD [36], SRDTrans [38], and SINF
are reported in Table III. Across all five input SNR conditions,
SINF consistently achieves the highest reconstruction SNR and
the best average score, with particularly clear gains in the
most photon-starved regime. For real fluorescence sequences,
we temporally subsample the videos to induce faster apparent
motion and stronger frame-to-frame intensity fluctuations, and
visually shown in Fig. 10. SINF more strongly suppresses
photon-limited noise while better preserving sharp textures and
delicate structures, yielding reconstructions that are visually
cleaner and more faithful to the underlying morphology.
D. Robustness and Generalization

We assess model robustness by systematically varying both
noise type and strength. Figs. 11a—11c present PSNR curves
under additive Gaussian noise, Poisson noise, and mixed
Gaussian—Poisson degradations on the DAVIS dataset. Across

all three settings, existing unsupervised baselines, including
UDVD, STBN, and TAP, exhibit steeper performance drops
and larger dispersion as noise intensity increases. SINF con-
sistently attains the highest PSNR with the smallest vari-
ance, indicating stable behavior even under severe corruption.
Temporal robustness is then evaluated on CRVD high-ISO
sequences with strong real-world degradations. In the frame-
drop experiment shown in Fig. 11d, consecutive frames are
randomly removed to emulate missing or corrupted inputs, our
SINF shows the most gradual PSNR decay as the drop ratio
grows. In the frame-jitter experiment in Fig. 1le, temporal
indices are perturbed to mimic camera shake; SINF still
produces stable, temporally consistent reconstructions, while
competing methods exhibit a performance drop. These results
demonstrate that the continuous spatiotemporal representation
yields pronounced robustness to both spatial and temporal
degradations. To examine generalization, we perform few-shot
adaptation on CRVD under real noise. Models are first trained
on synthetic data and then adapted to CRVD using only a
small subset of target-domain frames. As illustrated in Fig. 1 1f,
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SINF improves steadily as the adaptation ratio increases and
already achieves strong performance with as little as 1-5%
adaptation data. Compared with other unsupervised methods,
SINF offers higher zero-shot performance and larger gains in
the low-data regime, reflecting better transferability and data
efficiency. These experiments demonstrate that SINF maintains
strong robustness under diverse noise and temporal perturba-
tions, while its continuous spatiotemporal neural field further
promotes coherent cross-domain transfer across degradation
types by modeling videos as a unified signal manifold rather
than dataset-specific discrete mappings, thereby supporting
practical denoising under mismatched real-world conditions.
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\ # >
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E. Ablation Study

1) Blind-Spot Implicit Field Modeling: To evaluate the
effectiveness of the proposed BS-INF module, we replaced the
implicit field component with three representative blind-spot
mechanisms, namely rotational, shuffled, and bidirectional
blind-spot aggregation adopted from UDVD [5], PUCA [54],
and STBN [14], respectively. The ablation experiments were
conducted on the Set8 dataset under Gaussian noise with o =
25. As shown in Fig. 12a, BS-INF exhibits significantly faster
and smoother convergence compared with the convolution-
based variants, while achieving consistently higher PSNR
with the smallest parameter footprint (less than 1M). This
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Fig. 8: Visual comparison on CRVD indoor scenes. SINF better suppresses noise while preserving more structural details.
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Fig. 9: Visual comparison on CRVD outdoor scenes with real-
world strong motion and illumination changes.

demonstrates that spatial implicit field modeling not only
enhances optimization stability but also achieves more efficient
representation of spatial dependencies. Furthermore, Fig. 12b
presents the frequency-domain energy consistency of restored
images compared with GT. BS-INF maintains a frequency
distribution that closely follows the ground truth spectrum,
especially in the high-frequency region, where conventional
blind-spot convolutions tend to lose fine structural information.
These results suggest that the spatial implicit field leverages
global coordinate priors to preserve high-frequency structure,
leading to more faithful spatial reconstruction under noise.
2) Temporal Alignment Validation: To validate the ef-
fectiveness of our temporal implicit modeling, we perform
an ablation under challenging motion with high-speed ob-

DeepCAD SRDTrans SINF (Ours)

Fig. 10: Denoising results on publicly available real-world in
vivo mouse and zebrafish fluorescence microscopy datasets.

SNR (dB) at different input levels

Method Avg.
-5.52 251 048 2.88 5.17
DeepSeMi [37] 20.80 23.10 2450 25.70 26.60 24.14
DeepCAD [36] 21.20 23.65 25.00 2630 2720 24.67
SRDTrans [38] 21.90 24.10 2570 27.00 28.10 25.36
SINF (Ours) 22.60 24.80 26.60 28.00 29.10 26.22

TABLE III: Reconstruction analysis on synthetic two-photon
calcium imaging sequences under different input SNR levels.

ject movement and strong additive noise. We compare three
temporal alignment strategies on a synthetic Set8 sequence
with large motion and Gaussian noise ¢ = 70, and on a
real CRVD sequence with camera shake: a variant without
any temporal alignment, a variant with explicit optical-flow
warping, and our full model with ITE operator. Table IV
reports PSNR, SSIM, and temporal consistency error (TC),
where TC is defined as the average ¢; difference between
each frame and its adjacent frame warped by the estimated
flow; lower TC indicates smoother temporal evolution. The
ITE variant consistently achieves the highest PSNR and SSIM
and the lowest TC on both datasets, showing that the implicit
temporal field better preserves both coherence and fidelity. To
make the behavior under strong noise and large motion more
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Fig. 11: Comprehensive evaluation of different methods across diverse degradation and adaptation scenarios. (a—c) Noise
robustness under Gaussian, Poisson, and mixed Gaussian—Poisson degradations. (d—e) Temporal robustness against frame drop
and frame jitter distortions. (f) Cross-domain generalization under limited adaptation frames.
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spectra consistency of restored images compared with GT.

TABLE IV: Quantitative comparison of temporal alignment
strategies, evaluated by PSNR/SSIM and temporal consistency.

PSNR? (dB) / SSIM?T
Category Method Sei® CRVD TCJ
FastDVDnet 33.0/0915  31.2/0893 | 0.142
w/o Flow UDVD 32.6/0910  30.8/0.881 0.151
FloRNN 333/0918  31.5/0895 | 0.136
MF2F 335/0920  31.7/0.897 | 0.122
with Flow RDRF 33.8/0.923  31.9/0.902 | 0.118
STBN 34.1/0928  32.3/0907 | 0.107
with ITE SINF (Ours) | 34.7/0.936  33.0/0.915 | 0.082

directly verifiable and better emulate harsh real-world imaging
conditions, Fig. 13 shows representative crops under the same
protocol, where our ITE-based modeling yields sharper and
cleaner reconstructions with fewer motion-induced artifacts

Large noise Noisy FastDVDNet UDVD

C
/

/

SINF (Ours)
//
",

Large motion UDVD )

Fig. 13: Visual comparisons under strong noise and large
motion on Set8 with ¢=70 and CRVD with camera shake.
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Fig. 14: Comparative visualization of temporal alignment
strategies, including w/o Flow, with explicit Flow, and with
our ITE, on both synthetic and real noisy video sequences.

than explicit warping. Fig. 14 further visualizes the estimated
motion fields: removing temporal alignment yields fragmented
and incoherent motion, while explicit flow warping improves
local alignment but still introduces discontinuities and warping
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Fig. 15: Pixel tracking and reconstruction consistency across temporal alignment strategies. (a) Tracked pixel trajectories. (b)
Reconstruction error and temporal variance across seed pixels. (c) Long-sequence robustness as the sequence length increases.

FastDVDNeI FloRNN

aﬁ

SINF Ours!

Sequence 1

Noisy
S

FastDVDNet FloRNN
-
UDVD TAP SINF (Ours
038 equence equence
: S 1 S 2
] 07
2% 206 A
Z z af
g g i “
;0.6 éo_s u\/a /,\,»,
5
& & , N
05 g
. d g 04
s yi F =
Noisy  — FastDVDNet i Y Noisy ~ —- FastDVDNet
0.4 -= FoRNN —- UDVD y 03 ==~ FloRNN —- UDVD
---TAP SINF f L TAP SINF
—ar —Gr
0 10 20 30 40 50 60 0 10 20 30 40 50 60

Frame index Frame index

Fig. 16: Spatiotemporal consistency analysis of long video
sequences. Visual comparison of denoised frames and the cor-
responding ROI intensity trajectories across different methods.

artifacts. In contrast, ITE produces globally coherent motion
patterns and stable reconstructions even under severe noise
and large displacements, indicating a more robust temporal
alignment mechanism than explicit flow.

3) Time-Aware Spatial Graph Module: For further analysis
of the spatiotemporal stability brought about by TSGM, we
conducted a pixel-tracking experiment on a controlled motion
sequence, where four pixels were randomly selected and
tracked across frames. The trajectories in Fig. 15a reveal that
the Baseline and the single-warp variant (with Warp) suffer
from noticeable drift and jitter, while the bi-directional warp
(with Bi-Warp) reduces drift but still accumulates errors due
to flow estimation uncertainty. In contrast, TSGM produces
smooth and stable tracks with the most consistent temporal
correspondence. The reconstruction error statistics in Fig. 15b
show that TSGM attains the lowest temporal variance across
all seed pixels, indicating reduced flicker and improved tempo-
ral consistency. Furthermore, the robustness study in Fig. 15c,
where the sequence length is varied as T € {7,14,28, 56},
demonstrates that competing strategies degrade as 7" increases,

TABLE V: Performance comparison of different graph atten-
tion modules. Best and second-best are bold and underlined.

4 Modules PSNRT
+GNN  +Time Align.  +Space Align. | DAVIS CRVD
A X X X 34.35 32.16
B v X X 34.52 32.30
C X v/ X 34.98 32.65
D X X v 34.84 32.71
E X 4 v 35.42 33.16

whereas TSGM maintains a significantly lower error curve and
is more resilient to long-range temporal drift. This varying-
length tracking study indicates that the bounded-window graph
alignment remains stable as the sequence grows longer, miti-
gating the risk of error accumulation over time. These results
verify that our method effectively bridges spatial and temporal
alignment, enabling stable pixel correspondence and improved
restoration quality under long sequences and complex motion.

We further quantify the contribution of each component
through an ablation study on DAVIS and CRVD, summarized
in Table V. Starting from a baseline model, adding a spatial
graph neural network (GNN) is useful, but the gain remains
limited without explicit temporal modeling. Activating only
the temporal alignment module stabilizes motion association
over time, while activating only the spatial alignment module
strengthens local feature aggregation. When temporal and
spatial alignment are jointly enabled in the full TSGM configu-
ration, the model attains the best performance on both datasets,
indicating that jointly modeling temporal correspondence and
spatial graph interactions is crucial for robust video restoration.

4) Spatiotemporal Trajectory Consistency: To probe spa-
tiotemporal consistency beyond frame-wise scores, we conduct
a trajectory-level analysis on two long sequences, randomly
selecting one from Set8 and one from DAVIS under the same
synthetic Gaussian noise setting as in the main experiments.
For each sequence, we track a small region of interest (ROI)
on a moving object and compute, at every frame, the mean
ROI intensity, yielding 1D curves that reflect the temporal
evolution of local appearance. As shown in Fig. 16, the upper
panels visualize cropped regions around the tracked area, while
the lower panels plot ROI intensity trajectories for the noisy
input, FloRNN, FastDVDnet, UDVD, TAP, SINF, and the GT.
The noisy curves show strong high-frequency fluctuations,
supervised baselines such as FastDVDnet and FIoRNN sup-
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TABLE VI: Quantitative analysis among activation functions.

Activation PSNRT SSIM1T LPIPS| NIQE| LFDJ
Linear 32.48 0.877 0.195 4.12 17.85
Sigmoid 32.92 0.881 0.189 4.08 17.23
Tanh 33.08 0.885 0.183 4.03 16.82
ReLU 33.25 0.889 0.176 3.98 16.43
GELU 3347 0.892 0.168 391 15.87
Swish 33.82 0.896 0.161 3.78 14.95
SIREN (Ours) 34.55 0.928 0.138 341 12.51

ReLU Swish SIREN (Our)

Fig. 17: Response visualization of three activation functions.

press noise but over-smooth the temporal signal and introduce
visible bias, and unsupervised baselines like UDVD and TAP
preserve more variation yet exhibit residual jitter and irregular
oscillations indicative of temporal flicker. In contrast, the SINF
trajectory closely follows the ground truth in both amplitude
and phase, reducing noise while preserving the underlying
temporal dynamics. This tighter curve alignment, together
with sharper yet temporally stable visual details, indicates that
SINF achieves more faithful spatiotemporal consistency than
existing supervised and unsupervised methods.

5) Activation Function Analysis: We analyze different ac-
tivation functions on representation learning by replacing
the nonlinearity with Linear, Sigmoid, Tanh, ReLU, GELU,
Swish, and our periodic sinusoidal activation SIREN, using
Set8 under Gaussian noise with ¢ = 30. In addition to
distortion metrics, we report LPIPS, NIQE, and LFD to assess
perceptual quality. As shown in Table VI, the Linear variant
performs the worst due to severely limited expressiveness.
Sigmoid and Tanh improve over the linear case but suffer
from saturation, compressing dynamic range and attenuating
subtle intensity variations. ReLU further boosts performance
via sparse activation, yet its piecewise-linear and non-periodic
form still suppresses fine-scale contrast and high-frequency
details. Smoother gates such as GELU and Swish achieve
stronger results because their soft input-dependent responses
preserve more mid-frequency content, but they still behave
effectively as low-pass filters with limited spectral coverage.
In contrast, the periodic and infinitely differentiable nature of
SIREN endows the implicit field with richer Fourier support
and stable high-order gradients, enabling continuous modeling
of both low- and high-frequency components in space and
time. This advantage is reflected by consistently better per-
ceptual scores and visually sharper reconstructions. Response
visualizations in Fig. 17 show that our SIREN preserves thin
structures and sharp boundaries in challenging CRVD outdoor
scenes, whereas ReLLU- and Swish-based variants tend to
oversmooth edges and wash out fine textures. Overall, periodic
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Fig. 18: Accuracy—efficiency comparison of different methods.
The x-axis denotes FLOPs, the y-axis denotes PSNR, and the
circle area is proportional to the number of parameters.
TABLE VII: Computational efficiency and scalability of SINF
under varying temporal windows and spatial resolutions.

(a) Scaling with sequence length.

Temporal window | Time (ms/fr)), Mem (GB)) Throughput (fps)t
1 6.85 4.2 146.0
3 8.02 7.6 124.7
5 9.13 11.5 109.5
7 10.48 134 95.4
9 11.96 15.1 83.6

(b) Scaling with spatial resolution.

Resolution Time (ms/fr)] Mem (GB)J Throughput (fps)T
256 X256 9.13 11.5 109.5
320x320 13.70 14.2 73.0
384x384 19.80 17.6 50.5
448 x 448 27.10 21.9 36.9
512x512 35.90 27.4 27.9

continuous-field activations like SIREN provide a more pow-
erful implicit representation for high-frequency, temporally
coherent restoration than standard non-periodic nonlinearities.

6) Efficiency and Scalability: To further assess practical
deployability, we report a unified efficiency profile by quan-
tifying the efficiency and scaling behavior. Fig. 18 visualizes
the accuracy—efficiency trade-off across representative base-
lines, including FastDVDNet [13], FloRNN [27], RFR [50],
UDVD [5], TAP [6], and STBN [14]. The x-axis reports
FLOPs, the y-axis reports Set8 PSNR at =30, and the marker
area is proportional to the parameter count. SINF falls in a
favorable region of the curve, indicating improved restoration
quality without a disproportionate increase in computational
footprint. Table VII further quantifies the runtime and mem-
ory scaling of SINF under identical implementation settings.
Subtable VIIa varies the temporal window length 7' and
reports latency, peak GPU memory, and throughput, making
the cost growth with increasing temporal context explicit.
Subtable VIIb varies the spatial resolution with fixed 7'=>5 and
measures how latency and memory increase as the number of
queried coordinates grows. Notably, dense coordinate query-
ing is realized as a lightweight feature-conditioned implicit
component without without incurring redundant per-location
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computation. These results directly quantify the deployability
and scaling of SINF across resolutions and sequence lengths.

VI. CONCLUSION

In this paper, we presented SINF, a self-supervised video
denoising framework that rethinks video as a continuous
function over space and time rather than as a discretized frame
grid. By introducing a blind-spot implicit spatial field, an
implicit temporal embedding, and a time-aware spatial graph
module, the framework unifies spatial and temporal reason-
ing in a coordinate-based implicit representation and directly
models the noisy image formation process in a continuous
spatiotemporal domain. This design breaks the receptive-field
limitations of blind-spot CNNs and avoids the noise sensitivity
of flow-based alignment, enabling globally informed texture
reconstruction and motion-consistent denoising under severe
noise and complex dynamics. Extensive experiments on syn-
thetic and real noisy benchmarks demonstrate consistent gains
in both accuracy and perceptual quality, with better high-
frequency detail preservation and substantially fewer motion
artifacts than prior self-supervised methods. To our knowledge,
this is the first attempt to establish a spatially and temporally
continuous implicit-field paradigm for self-supervised video
denoising, and the proposed formulation offers a flexible
foundation that can be extended to broader spatiotemporal
restoration and enhancement tasks in real-world scenarios.
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