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Fig. 1. We propose an approach for rapid large-kernel spatially varying filtering via our Differentiable Polyphase Filtering pipeline. We compare
our method with optimization-based sparse baselines (PST [Schuster et al. 2020], DSKC [Wu et al. 2026]). For anisotropic rotational motion blur and spatially
varying ring-shaped bokeh filters, our approach achieves approximately 3000x and 600X speedups over the ground-truth based on dense kernel convolution,

respectively, and is about 2x faster than the state of the art.

Large-kernel filtering is a fundamental operation in image post-processing
and video effects. While decomposing large kernels into multiple sparse
ones is a proven strategy for acceleration on parallel architectures, exist-
ing optimization-based approximation methods are constrained to fixed-
resolution processing. In this paper, we propose a novel framework based
on Polyphase Filtering, which enables the differentiable optimization of
sparse kernels across varying resolutions. This approach achieves the fastest
approximation to date for large kernels and remains highly effective even
for spatially-variant dense kernels. To further enhance efficiency, we intro-
duce Spatial-to-Depth Transformation and Asymmetric Intensity-Decoupled
Transformation. Furthermore, to address scenarios with spatially varying
kernel sizes, we employ a Layer-Adaptive Filtering strategy that integrates
kernels from multiple levels for rapid filtering. Extensive experiments demon-
strate that our method significantly outperforms existing state-of-the-art
techniques in both computational performance and visual quality.
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1 INTRODUCTION

In digital image processing and computer graphics, large-kernel fil-
tering is a fundamental operation that can produce visually striking
effects such as bloom, bokeh, and radial or rotational blur. However,
the computational complexity associated with large kernel sizes
and spatially varying filtering hinders their real-time application
on mobile platforms.

One common way to accelerate filtering is kernel decomposition,
which approximates a large kernel with a sequence of smaller ones,
such as Multi-box [Kovesi 2010] and the sparse multi-pass method
Kawase blur [Kawase 2003]. Dual Filtering [Martin et al. 2015]
pushes this idea by iterating downsampling and upsampling to cut
the number of processed pixels per layer exponentially.

However, Dual Filtering relies on a heuristic approach where the
kernel samples at each level only roughly approximate a Gaussian
distribution, and its parameters typically require manual tuning.
Consequently, a dual-filter configuration cannot reliably approxi-
mate a Gaussian blur level with a specific . This inherent inaccuracy
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leads to visual artifacts and the inability to smoothly control the
blur radius, which significantly hinders the adoption of this efficient
technique in high-standard industrial applications.

Furthermore, the aforementioned methods are generally limited
to Gaussian kernels. To address arbitrary kernels, optimization-
based approaches have emerged. Parallel Simulated Tempering
(PST) [Schuster et al. 2020] optimizes parameters to approximate
kernels, but its high stochasticity severely limits both convergence
speed and accuracy. DSKC [Wu et al. 2026] introduced a differen-
tiable gradient descent approach to achieve more efficient optimiza-
tion. Nevertheless, both PST and DSKC perform filtering at a fixed
resolution, which imposes a significant performance bottleneck.

To address these limitations and eliminate visual artifacts, we pro-
pose a novel framework for creating high-fidelity, high-performance
approximations of large kernels. We introduce Differentiable Polyphase
Filtering, a method that approximates target kernels using a multi-
layer, sparse, and multi-resolution architecture.

Our method integrates the structural benefits of Dual Filtering
with the differentiable optimization used in DSKC, combining the
speed of sparse multi-resolution sampling with high reconstruction
quality. Downsampling, however, changes the system from Linear
Shift-Invariant (LSI) [Willems and Polderman 1997] to Linear Pe-
riodically Shift-Variant (LPSV) [Crochiere and Rabiner 1981], so
the single-impulse supervision in DSKC no longer provides enough
constraints for the filtering process. To resolve this limitation, we
introduce a polyphase impulse optimization strategy that jointly
optimizes multiple phase-specific filters, ensuring that each phase
matches the target kernel. The optimized parameters are dataset-
independent and can be deployed directly on the mobile platform.

To maximize performance, we introduce two components: a
Spatial-to-Depth Transformation and an Asymmetric Intensity De-
coupled Sampler. The Spatial-to-Depth Transformation packs neigh-
boring pixels into channels, shrinking the spatial support of the
kernel we need to approximate. In parallel, the sampler converts
RGB to YUV and treats luminance and chrominance differently:
we apply the high-fidelity Spatial-to-Depth Transformation to the
information-rich Y channel, while downsampling UV with a stan-
dard operator. Together, these steps compress the original three-
channel RGB input into a compact four-channel representation,
allowing subsequent Polyphase Filtering to use standard hardware
texture formats efficiently at reduced resolution.

To efficiently support widely used spatially varying filtering, we
propose Layer-Adaptive Filtering with Variable Kernel Sizes. In
our framework, iterative downsampling and upsampling naturally
expand the receptive field of deeper layers. Consequently, small
kernels must use fewer layers to avoid over-smoothing, while large
kernels utilize deeper layers. We leverage this by adaptively selecting
and integrating kernels from different layers, allowing us to generate
variable kernel sizes dynamically. This approach simultaneously
achieves high performance and superior visual quality.

In summary, our key contributions are:

e We propose Differentiable Polyphase Filtering, a novel frame-
work for approximating large kernels. This approach signifi-
cantly outperforms existing kernel decomposition techniques
in both computational efficiency and reconstruction fidelity.
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e We design an acceleration strategy featuring Spatial-to-Depth
Transformation and Asymmetric Intensity-Decoupled Sam-
pling. This combination achieves a multiplicative reduction in
computational cost by operating on compact representations,
while preserving full-resolution visual quality.

We introduce Layer-Adaptive Filtering, a dynamic mecha-
nism that generalizes our fast algorithm to support spatially
varying filtering with variable kernel sizes in real-time.

2 RELATED WORK
2.1 Large Kernel Approximations

Large-kernel filtering is often accelerated by exploiting structure in
classical kernels. Recursive Gaussian filters compute each output
from a small set of prior samples, making per-pixel cost largely scale-
invariant [Van Vliet et al. 1998; Young and Van Vliet 1995]. Constant-
time schemes further trade accuracy for speed, including summed-
area/box “almost-Gaussian” filters and binomial cascades whose
runtime does not grow with radius [Kovesi 2010; Zingl 2020]. On
GPUs, multi-pass post-processing reduces large blurs to a few taps
per pass, as in Kawase blur [Intel Corporation 2003; Kawase 2003;
Martin et al. 2015]; related practice also approximates non-Gaussian
bokeh with a small number of separable passes and pass reuse to
keep cost stable at large radii [Ferrier and Coffin 2011]. For broader
PSFs, prior work uses polygonal apertures, low-rank models [Mc-
Graw 2015], and linear-time variable-sized bokeh gather [McIntosh
et al. 2012; Moersch and Hamilton 2020], as well as sparse fitting via
simulated tempering [Schuster et al. 2020] and differentiable sparse
convolution [Wu et al. 2026]. However, many methods are fixed-
resolution, non-differentiable, or sample-inefficient at very large
radii; our multi-resolution polyphase sparse sampling preserves
throughput while enabling differentiable approximation of diverse
kernels. Existing works derive sparse kernel representations through
statistical heuristics [Leimkiihler et al. 2018] or neural network pre-
diction [Gharbi et al. 2019]. More recently, Balint et al. utilized
networks for spatial partitioning and pyramid filtering [Balint et al.
2023]. Unlike these methods that rely on heavy architectures or com-
plex statistical estimations, our approach employs a differentiable
training framework to achieve high efficiency.

2.2 Efficient Image Processing

Many methods accelerate per-pixel neighborhood aggregation. This
includes constant-time bilateral filtering [Porikli 2008]. They also
speed up edge-aware filtering with domain transform formula-
tions [Gastal and Oliveira 2011]. Another option is guided filter-
ing [He et al. 2012]. High-dimensional variants can be reduced via
adaptive manifolds [Gastal and Oliveira 2012].

Pyramid-based reconstructions provide fast approximations to
edge-preserving filters [Xu et al. 2024]. Learning-based pipelines
often gain efficiency by reordering computation. Pixel shuffle is
a common choice for upsampling [Shi et al. 2016]. They also re-
duce arithmetic cost with Winograd minimal filtering [Lavin and
Gray 2016]. Some methods cut spatial redundancy via octave con-
volution [Chen et al. 2019]. Modern CNN backbones have revisited
large-kernel designs [Ding et al. 2022; Xie et al. 2023]. However,
many methods assume fixed resolution. Many also lack differentiable



cross-scale sparse optimization. They are often tuned for desktop
GPUs rather than real-time mobile use. Our framework instead
boosts efficiency by YUV decoupling. It also uses channel-to-depth
transforms under spatially varying kernels.

2.3 Spatial Varying Filters

Spatially varying filtering is widely used for camera effects with
spatially changing point spread functions (PSFs). Early examples
include multiview depth-of-field synthesis and non-uniform deblur-
ring [Lee et al. 2009; Whyte et al. 2012]. Later work targets real-time
post-processing with structured approximations, from defocus mag-
nification [Kriener et al. 2013] and polygonal bokeh [McIntosh et al.
2012] to visibility-aware multi-layer DoF [Selgrad et al. 2015] and
feature-aware motion blur [Guertin et al. 2014]. Recent learning-
based methods infer depth/blur parameters and render SV blur with
differentiable modules, such as unsupervised depth-and-DoF learn-
ing [Kaneko 2021] and lens-conditioned bokeh transfer [Seizinger
et al. 2023]. Differentiable sparse-kernel decomposition (DSKC) [Wu
et al. 2026] is closest to our work, but focuses on fixed-scale settings
rather than ultra-large kernels. Overall, prior SV methods often han-
dle limited PSF families or rely on neural inference, and few target
very large, diverse SV kernels; our polyphase framework instead
optimizes sparse kernels across resolutions, scaling efficiently to
extremely large spatially varying kernels via a hierarchical strategy.

3 PRELIMINARY

Multi-Layer Sparse Kernel. In conventional kernel filtering, the
output image I, is generated by convolving the input image Ly,
with a kernel K of size (2k + 1) X (2k + 1), as formally defined by:

k k
lowlx,yl = U+ K) vyl = > > alx+iy+ j1-K[ij1. (1)
i=—k j=—k

For large kernels, an efficient alternative is kernel decomposition
with a sequence of smaller kernels [Burt 1981] , where the output
of one layer serves as the input for the next. Each layer reuses
and propagates the signal from the previous layer, which gradually
expands the receptive field.

Building on this principle, several methods [Kawase 2003; Schus-
ter et al. 2020; Wu et al. 2026] approximate the target kernel by em-
ploying sparse sampling within each layer. Specifically, the sparse
kernel K; in layer [ (I = 1,...,L) is defined by N; offset-weight

N, ; . .
samples, (0;, w;);;. The convolution with such a sparse kernel is a

weighted sum of values sampled at these offsets. For a pixel position
p. the operation is:

N
(I K)[p] = ) wi - I(p+0y), ®)
i=1

where I(p + 0;) denotes a sample retrieved using bilinear interpola-
tion, with its offset o;.

The complete operation, consisting of L such layers with kernels
(K1, K3, ..., K1), can be expressed as a nested convolution:

Iowt = (((Iln * Kl) * KZ) oK KL) (3)

This multi-layer filter reduces the number of sampling points per
pixel from (2k +1)% to X1, Ni.
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Impulse Response Supervision. To capture the intrinsic charac-
teristics of a filter and prevent overfitting to specific datasets, the
optimization of Multi-Layer Sparse Kernels [Schuster et al. 2020;
Wau et al. 2026] is typically supervised using a single impulse signal.
To obtain the equivalent kernel K, we feed a discrete Dirac delta
function 6, which is an image with a single unit-valued pixel at the
center, into the filtering pipeline . The resulting output image
is exactly K. By Linear Shift-Invariant (LSI) theory [Willems and
Polderman 1997], the impulse response of ¥ uniquely determines
its output for any input I. This is formalized as:

F6) =K < VLFI)=Ix*K. (4)

4 METHODOLOGY
4.1 Overview

Our method provides a high-fidelity, high-performance approxima-
tion for large, dense kernels. We design a two-stage methodology:
an offline optimization stage and a real-time filtering stage.

At the offline stage, we introduce a differentiable optimization
framework for sparse kernels with multi-resolution. Its core princi-
ple is to supervise pixels in polyphase via poly impulse response.
We define a dataset-free loss function that measures the disparity
with respect to the target kernel with a shift, and we minimize it
using gradient descent. This process yields a set of pre-optimized
weight and offset parameters.

At runtime, our downsampler and upsampler consist of Spatial-to-
Depth Transformation and Asymmetric Intensity-Decoupled Sampler,
respectively, to achieve a large kernel at low resolution. Asymmetric
Intensity-Decoupled Sampler asymmetrically transforms the input
RGB image into a compact half-resolution image. For the intensity
channel with more high-frequency details, use the Spatial-to-Depth
Transformation to compact image pixels for high quality. The com-
pact pixels are filtered using pre-optimized parameters in Polyphase
Filtering to achieve multi-resolution filtering. For spatially varying
(SV) filtering, our Layer-Adaptive Filtering uses layer selection to
efficiently compose kernels with different layer counts.

4.2 Differentiable Polyphase Filtering

Our polyphase filtering framework employs a symmetric architec-
ture consisting of L downsampling and L upsampling layers with a
factor of 2, indexed by {1,...,2L}. In the I-th layer, it consists of N;
sample points, and we optimise the offset and weight of each sample.
We group layers by their output spatial resolution into hierarchy
levels. Our pipeline’s input image level is 0, and the resolution is R.
The output image levels in downsampling ared = 1,2,...,L, and
the output image levels in upsampling ared =L —1,L—-2,...,0. For
the I-th layer, our structure reduces the complexity from O(N;R)
to O(N;R/4%) compared to previous work [Schuster et al. 2020;
Wu et al. 2026], minimizing the compute footprint and achieving
significant speedups.

Because upsampling breaks linear shift invariance (LSI) [Willems
and Polderman 1997], turning the pipeline into a linear periodically
shift-variant (LPSV) system [Crochiere and Rabiner 1981], which is
equivalent to a collection of distinct phase LSI systems. This prevents
a single impulse-response supervision [Schuster et al. 2020; Wu et al.
2026] for impulse a LSI to supervise our filtering system. We observe
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Fig. 3. Distinct weights and offsets pattern for 2 X 2 high-res output
pixels in upsampling. Four pixels (stars in (a)) in a 2 X 2 grid when upsam-
pling have the same set of sample points (circles in (b)). A certain sample
(circles in (a)) from sample points for each pixel (stars in (a)) in a 2 x 2
grid has distinct bilinear interpolation patterns (c), resulting in the weights
and offsets contributing to the high-res output pixels in a 2 X 2 grid being
different.

our pipeline with a P = 2L period on each axis, so we propose to
supervise with P X P impulses in distinct phases.

Specifically, in a single upsampling layer (Fig. 3), every single
sample from kernels of a 2 X 2 high-resolution grid is computed
from the same set of four source low-resolution pixels. As a result,
the four high-resolution output pixels in that 2 X 2 block share the
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same source pixels, but use different weights and sampling offsets.
This pattern repeats with a spatial period of 2 X 2.

For multi-upsampling layers, this recursive composition results in
a cumulative period of P = 2" along each pixel axis. Consequently,
for a pixel p = (x,y), the source low-resolution pixels’ weights and
offsets depend on its phase index ¢(p) = (x mod P,y mod P). The
pixels in the same ¢ should be supervised by an impulse response
of a specific phase.

We construct a Polyphase Impulse that includes all unique phase
shifts as inputs. Let 5 denote the P? discrete Dirac delta functions,
which form a family of shifted impulse images. Each s corresponds
to a phase shift s = (u,0) with 0 < u,0 < P, and is defined as:

1 1f(xy)—(xc+uyc+v)
Slx,y] = 5
slx.y] {0 otherwise ©)

where (x¢, y.) is the image center. We feed these polyphase impulses
into our filtering pipeline 7. And we apply multiple shift operations,
S, with shifts s on the reference to obtain a set of shifted reference
images. The optimization goal is to minimize the discrepancy be-
tween the generated responses and the target kernel Kiarget:

Lpay = ). [|F(8) = S(Kiargers 95 - (©)

se[0,P-1]2

4.3 Spatial-to-Depth Transformation for Neighbor Reuse

Leveraging the local spatial smoothness of large kernels, we propose
a Spatial-to-Depth Transformation to accelerate computation by
efficiently reusing information from neighboring samples.
Formally, we realize the Spatial-to-Depth Transformation via the
Pixel Unshuffle P, (-) and Pixel Shuffle $;(-) operators [Shi et al.
2016]. For an input I, we employ these operators to enclose the
Polyphase Filter 7 (-), as formulated in Sec. 4.2. Subsequently, to
achieve neighbor reuse, we append a lightweight blending operation
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Fig. 4. Interpolated weights at position 0. The full convolutional weights
centered at position 0 are shown by the blue curve. Replacing it with a
dilated convolution samples only the locations —2, 0, 2. For the remaining
positions —3, —1, 1, 3, we approximate their contributions by interpolating
from the result of neighboring dilated convolution, reducing the number of
sampled points by nearly half.

B(-). The efficient pipeline ¥, can be expressed as:
Fe(I) = B (Ps (F (Pu(l)))), ™

Through this process, F, achieves a target kernel size twice that
of ¥, significantly reducing computational costs via the Spatial-to-
Depth Transformation. Mathematically, the term Ps (F (Pu(I)))
is equivalent to a dilated convolution, enabling ¥ to represent any
dilated convolution kernel.

Furthermore, a target dense convolution C can be approximated
by decomposing it into an equivalent-sized dilated convolution
D followed by neighbor blending B, expressed as C = 8D. As
shown in Fig. 4, the dilated convolution D (x) samples only half of
the positions (blue 1D coordinates at the bottom) and inherits the
corresponding weights from the dense target kernel (blue points on
the curve at the sampled locations). We reuse the neighboring dilated
convolutions, D (x—1) and D (x+1), shifted by one pixel, to recover
the positions that are missing in the current dilated convolution.
Specifically, for each unsampled location (gray), we interpolate its
weight using the two corresponding samples from the neighboring
dilated convolutions (red).

For an unsampled weight W (x) with x € {-3, -1, 1, 3}, the neigh-
boring dilated convolutions provide exactly the two adjacent weights
of the dense kernel at x, namely W (x — 1) and W (x + 1). We recon-
struct W(x) by linearly interpolating these adjacent values:

W(x)==[W(x—-1)+W(x+1)]. 8)

1
2

To quantify the reconstruction accuracy, we expand the neighbor
terms W(x * 1) using a Taylor series around the center x. The

interpolation error € is derived as:
+ 1 ’”
e =W =W~ 5 W' (0l - % ©)

where T denotes the sampling interval. This shows that the recon-
struction becomes highly accurate when the kernel has a small
second-order derivative, which is common in practice because large-
kernel are typically smooth.

Consequently, the full dense convolution C(x) can be decom-
posed into the dilated convolution D (x) and a residual term Cgig(x).
Based on the neighbor approximation, we estimate the residual as:

C(x) = D(x) + Cair(x),

1 (10)
Caif(x) ~ 2 [D(x-1)+D(x+1)].
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and D = Ps (F (Pu(l))).

4.4  Asymmetric Intensity-Decoupled Sampler

Applying our Spatial-to-Depth Transformation Section 4.3 directly
to full RGB data would cause a channel explosion (resulting in
12 channels after unshuffling), exceeding the standard 4-channel
texture format (RGBA) optimized by GPU hardware.

To balance high-fidelity filtering with tight bandwidth constraints,
we propose a decomposition strategy that redistributes information
according to perceptual sensitivity and hardware parallelism.

First, we transform the input RGB image into one intensity chan-
nel and two chroma channels: Y = }#, U=R-Y,andV =B-Y.
This separation concentrates most structural detail in Y while leav-
ing U and V comparatively smooth. For the intensity channel, we
prioritize fidelity toward the horizontal direction, as the human
visual system (HVS) is often more sensitive to horizontal patterns.
We therefore apply horizontal pixel unshuffling followed by vertical
downsampling, so Y can be carried efficiently via our Spatial-to-
Depth Transformation.

In parallel, we bilinearly downsample U and V to the same tar-
get resolution (0.25X area). Finally, we concatenate these compo-
nents—two from intensity and two from chroma—into a single com-
pact RGBA texture, which serves as the input for the Polyphase
Filter.

4.5 Layer-Adaptive Filtering with Variable Kernel Sizes

Spatially varying (SV) filtering is pivotal for achieving expressive
visual effects by applying non-uniform kernels across the image
domain. Typically, we determine a kernel for each pixel based on a
parameter defined in the image’s spatial domain. However, spatially
varying (SV) filtering is often too expensive in practice. It demands
heavy memory bandwidth to fetch per-pixel weights, and its runtime
is set by the worst case—pixels that require the largest kernels.

Multi-resolution processing can greatly accelerate SV filtering,
but it introduces a key constraint: the chosen layer count sets a lower
bound on the kernel sizes the model can represent. Using a uniformly
high layer count causes over-blurring for small kernels. Conversely,
using a uniformly low layer count to preserve small-kernel detail
shrinks the effective receptive field, making it impossible to fit
large kernels. To resolve this dilemma, we propose Layer-Adaptive
Filtering, which adaptively selects an appropriate layer count for
each target kernel size and executes kernels with different layer
counts within a single SV filtering task.

We initially approximate kernels in parallel using two adjacent
levels, L and L + 1, using the Polyphase Filtering described in Sec. 4.2
to determine the optimal layer count for varying target kernel sizes.
For small kernels, we choose the smallest level L that satisfies the
layer count sufficiency criterion, £ < L4, where £; denotes the
optimized value of the polyphase loss L0y (as defined in Eq. 6) for
a pipeline with L layers. We then adopt the optimized result at level
L. As the target kernel size increases, the layer-count sufficiency
criterion at level L may no longer hold; a crossover point emerges
where L > L141.

Consequently, we increment the baseline level and compare L + 1
against L + 2, selecting L + 1 as the optimal level for the current
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kernel size range. Repeating this procedure constructs a look-up
table (LUT) that determines target kernel sizes for the corresponding
kernel parameters at the selected decomposition level.

During SV filtering, we use the LUT to map each kernel size in the
parameter map to its optimal level, producing a level map M(x, y).
We denote max(M) as Lyax. The SV pipeline then performs Ly,
downsampling and upsampling steps to match the largest kernel.

At upsampling level L, we select the input texture for level L, + 1
based on M(x, y) (Fig. 2). Pixels with M(x,y) < L, + 1 skip deeper
processing and take the output from the matching downsampling
stage D; otherwise, they take the output from the previous up-
sampling stage U, enabling a single unified flow across levels. The
selected output S is

Dr,+1(xy), M(xy) <L, +1,
Uy, (xy), M(xy >L,+1,

Although our method introduces branching, it remains efficient
because SV kernel sizes vary smoothly in space (the parameter map
is low-frequency). As a result, neighboring pixels within the same
GPU warp typically select the same level, so branches stay largely
coherent. This coherence limits warp divergence and avoids the
instruction-serialization overhead that often accompanies dynamic
control flow.

Sp+1(x.y) = { (11)

5 EXPERIMENTS
5.1 Setup

Baselines. We compare our method against several baselines. For
Gaussian kernels, we include specialized Gaussian approximations
such as the Multi-Box method [Kovesi 2010], Kawase blur [Kawase
2003], and Dual Filtering [Martin et al. 2015]. Additionally, we com-
pare against two optimization-based methods that employ multi-
pass, fixed-resolution sparse filters: Parallel Simulated Tempering
(PST) [Schuster et al. 2020] and Differentiable Sparse Kernel Com-
plex (DSKC) [Wu et al. 2026]. For bokeh kernels and spatially varying
kernels, since Multi-Box, Kawase, and Dual Filtering are strictly de-
signed for isotropic Gaussian distributions, we limit our comparison
to the general-purpose optimization frameworks, PST and DSKC.

Kernels and Datasets. Our evaluation suite is designed to probe
distinct aspects of approximation capabilities. We utilize the classical
Gaussian kernel to benchmark the system’s ability to efficiently fit
fundamental dense operators. Furthermore, we employ a variety
of geometric bokeh kernels to assess shape fidelity. These kernels
challenge the system to capture distinct morphological features and
high-frequency details within a limited computational budget. To
guarantee realistic evaluation, all filtering tasks are performed on
1080p real-world photographs.

Implementation and Evaluation Metric. Our offline optimization
was performed on an RTX 3090 GPU using PyTorch [Paszke et al.
2019]. Performance measurements were conducted separately on
two platforms: a mobile platform equipped with the Snapdragon 8
Gen 3 processor and a PC platform using OpenGL. We report the
inference times for the mobile platform in the main text figures,
while comprehensive results for both platforms are provided in the
supplementary material. We employ the Adam optimizer for all
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kernel and layer configurations. For Gaussian kernels, the learning
rates are set to 0.1, 0.5, 1.0, and 1.5 for configurations ranging from
level 1 to 4, respectively; the parameter ¢ spans from 0.1 to 30 with
a step size of 0.1. For geometric kernels, the learning rates for level
1 to 3 are 0.1, 0.5, and 1.5, respectively, with kernel sizes ranging
from 1 to 109 pixels at an interval of 2. Our method requires only
4,000 optimization steps per kernel and typically converges within
20 seconds. In comparison, the PST algorithm is executed for 15,000
iterations with 10 parallel candidates (totaling 150,000 steps), and
DSKC is run for 15,000 iterations. The initialization scheme follows
the approach described in [Wu et al. 2026].

For Gaussian kernel approximation visualization, we utilize the
Covariance Frobenius Norm to quantify the discrepancy in kernel
diffusion distribution. For all final filtered images in the main text
figures, we evaluate visual fidelity using the peak signal-to-noise
ratio (PSNR). Furthermore, comprehensive results for all experi-
ments—including PSNR, structural similarity (SSIM), and learned
perceptual image patch similarity (LPIPS) [Zhang et al. 2018]—are
provided in the supplementary material.

5.2 Gaussian Kernel

To rigorously evaluate the deviations from the ideal distribution
of the approximated kernels, we deploy them in a bloom post-
processing pipeline. Formally, the bloom effect Ip50m is synthesized
by compositing the original image I;, with a blurred version of its
high-intensity components:

Ipioom = Ilin + a - (K * T(Iin)), (12)

where K denotes the approximated Gaussian kernel, « is the inten-
sity scaling factor, and 7 (-) represents a thresholding operator that
extracts highlights. The visual quality of the bloom relies heavily
on the diffusion distribution of light sources.

As shown in Fig. 7, we compare our method against several
baselines. Our approach utilizes our proposed Intensity-Decoupled
Polyphase Filtering with a 3-level hierarchy (comprising 3 downsam-
pling and 3 upsampling stages). Multi-Box approximates a Gauss-
ian with three sequential large-radius box blurs, but runs poorly.
Kawase, PST, and DSKC use a 6 x4 configuration (6 passes, 4 samples
each); even with nearly 2Xx our inference time, their effective ker-
nels remain non-smooth and anisotropic, producing visible blocky
artifacts. Dual Filtering with four multi-resolution levels offers the
second-best quality—speed trade-off, but without parameter opti-
mization it cannot faithfully reproduce the peak intensity at the
light center or the edge diffusion. We visualize these behaviors by
plotting iso-lines of the effective kernels, where our method most
closely matches the ground-truth Gaussian.

5.3 Geometric Kernel

To demonstrate the capability of reproducing complex geometric
shapes, we employ a bokeh rendering application that combines
highlight filtering with background defocus. Unlike the smooth
Gaussian kernel, geometric kernels serve as a strict test for high-
frequency edge preservation and topological correctness.

As illustrated in Fig. 8, we compare our method (configured with
a 2-level hierarchy (2 downsampling and 2 upsampling stages))
against the optimization-based baselines, PST and DSKC (5 passes



with 4 samples each). Geometric kernels pose a significantly greater
challenge than isotropic Gaussians. Despite the significantly higher
computational overhead compared to our method, baseline meth-
ods struggle to recover the kernel structure and details. For Circle,
baselines break isotropy; for Star4, they miss concave details and
sharp tips; for Ring, only our method preserves the hollow topology.
Under the same tight computational budget, they fail to reconstruct
smooth target kernels. Matching smoothness with a fixed-resolution
pipeline would require much denser sampling, making them ineffi-
cient for real-time use compared with our multi-resolution frame-
work. As discussed in Sec. 4.3, discontinuities in the kernel func-
tion degrade the kernel approximation accuracy; specifically, our
method’s PSNR values for Ring and Star4 are approximately 9.5%
lower than those of Circle and Side4.

45.28dB
GT

0.009
GT Ours

Fig. 5. Ablation study of the proposed supervision strategy. We com-
pare the approximated kernels and results of the variant without polyphase-
filter-based supervision (w/o P). Visualizations include iso-contours, PSNR
(1) and the Covariance Frobenius Norm (), which quantifies the kernel
diffusion distribution.
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Fig. 6. Comparison of quality and performance between our method
and the state-of-the-art DSKC [Wu et al. 2026]. We evaluate approximation
quality and report the inference performance on both mobile and PC plat-
forms.

5.4 Spatially Varying Kernel

To evaluate the performance of spatially varying (SV) filtering, we
utilize a generated depth map to modulate the kernel size per pixel.
We apply this varying filter across four distinct geometric kernel
types and composite the results for visualization.

As illustrated in Fig. 10, our method leverages our proposed Layer-
Adaptive Filtering with Variable Kernel Sizes proposed in 4.5 to
dynamically blend kernels from 1-level and 2-level downsampling
hierarchies. In contrast, PST and DSKC rely on a static, heavy 5 X 4
setup for all pixels. The comparison reveals significant disparities:
PST exhibits severe instability, resulting in noise-like artifacts across
the image. DSKC struggles to optimize for large-radius, leading to
blocky artifacts. In contrast, as shown in the macro view (left), our
method maintains high fidelity as the kernel size increases. Crucially,
it achieves seamless transitions, exhibiting no artifacts or visible
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popping boundaries at the switching points between different hier-
archical levels. Furthermore, as demonstrated in Fig. 11 and Fig. 12,
our method remains robust even when handling anisotropic kernels.
Finally, regarding liquid and scratched glass effects (Fig. 13), our ap-
proach accurately simulates complex physical lighting phenomena.

5.5 Quality and Performance Analysis

As shown in Fig. 6, we compared the performance and quality across
different platforms (mobile and PC) as the kernel size increased from
small to large. We reported average results of the geometric ker-
nels. Regarding performance, at a kernel size of 30, we observed a
degradation when moving from level 1 to 2. In terms of quality, our
method generally improves as the kernel size increases, whereas
DSKC exhibits the opposite trend, with quality decreasing as the ker-
nel grows larger. The region where the quality of the two methods
intersects is between kernel sizes 25 and 40. This phenomenon arises
because, below this intersection threshold, a single-level pyramid
provides insufficient sampling and an inadequate receptive field,
while a two-level pyramid introduces excessive blurring due to the
downsampling process.

5.6 Ablation Studies

5.6.1 Supervision strategy. Fig. 5 compares the kernel optimization
results by ablating the proposed Polyphase supervision (w/o P).
Without P, the optimized pixels in non-target phases cause the
equivalent kernels to exhibit center misalignment and asymmetry.

Table 1. Ablation study of Spatial-to-Depth Transformation for Neigh-
bor Reuse (T) and Asymmetric Intensity-Decoupled Sampler (Y)
across various target kernels. The approximation quality of Gaussian,
Side4, and Ring kernels is evaluated using PSNR (dB), while performance is
measured by latency (ms) on both mobile and PC platforms.

Filter Gaussian Side4 Ring
Variant PSNRT Perf.| PSNRT Perf.|] PSNRT Perf. |
Ours 73.45 2.21/0.09 50.22 2.12/0.08 49.07 2.12/0.08
w/oT 52.71 2.45/0.10 47.99 2.29/0.10 39.43 2.29/0.10
w/oY 72.61 2.21/0.09 49.92 2.12/0.08 48.95 2.12/0.08

5.6.2 Intensity-Decoupled Dilated Convolution. Table 1 compares
the impacts of the Spatial-to-Depth Transformation (T) and Asym-
metric Intensity-Decoupled Sampler (Y) components. The results
indicate that w/o T degrades both quality and efficiency. Further-
more, the intensity-decoupling mechanism provides fidelity gains
at negligible computational cost.

5.6.3 Layer-Adaptive Filtering. We compare our proposed method,
which dynamically adjusts filter layers against two variants with
spatially-uniform layer levels. As illustrated in Fig. 9, the shallow-
layer variant fails to approximate large kernels, resulting in no-
ticeable visual artifacts. Conversely, the deep-layer variant leads to
over-smoothing in regions with small kernels. Notably, our strategy
effectively integrates these multi-depth kernels without incurring
any additional computational latency.
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6 DISCUSSION AND CONCLUSION

In this paper, we presented a novel Differentiable Polyphase Filter-
ing framework designed for efficient large-kernel approximation. By
leveraging our Polyphase Impulse Optimization, we effectively guar-
antee high fidelity throughout the multi-resolution multi-layer ker-
nel filtering process. To further accelerate inference, we introduced
a Spatial-to-Depth Transformation and an Asymmetric Intensity
Decoupled Sampler to compact pixel representations and perform
asymmetric processing for optimal quality. Additionally, the pro-
posed Layer-Adaptive Filtering extends our method’s capabilities to
handle spatially varying (SV) filtering tasks.

Extensive experiments demonstrate that our approach achieves
significant performance gains, outperforming state-of-the-art meth-
ods (e.g., DSKC) with speedups of up to 2X for single-kernel tasks
and 2.5% for SV filtering. By effectively resolving the computational
bottlenecks of large-kernel filtering, our method proves highly suit-
able for real-time applications ranging from mobile user interfaces
to professional visual effects. It enables the efficient rendering of
striking visual phenomena, including bloom, bokeh, and complex
motion blurs (Gaussian, radial, or rotational), marking a substantial
step forward for real-time rendering systems.
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5.27ms

Fig. 7. Visual comparison of bloom rendering. We compare our method against traditional Gaussian approximations (Multi-Box [Kovesi 2010],
Kawase [Kawase 2003], Dual Filtering [Martin et al. 2015]) and optimization-based sparse baselines (PST [Schuster et al. 2020], DSKC [Wu et al. 2026]). The
rows display, from top to bottom: (1) Final composited bloom results; (2) Filtered highlights annotated with runtime latency (in ms); (3) Error maps relative to
the ground truth, where deeper blue indicates larger error; (4) Kernel approximation visualizations with iso-contours, labeled with the Covariance Frobenius
Norm () to quantify the kernel diffusion distribution.
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Fig. 8. Visual comparison of bokeh rendering. We compare our method against optimization-based sparse baselines (PST [Schuster et al. 2020], DSKC [Wu
et al. 2026]). The rows display, from top to bottom: (1) Final composited bokeh results; (2) Filtered highlights annotated with runtime latency (in ms); (3)
Kernel approximation visualizations, labeled with PSNR to measure kernel structure and details.
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Fig. 9. Visual comparison between fixed-level variants and our dynamic layer-depth strategy in spatially-varying filtering. Low-level and high-level
configurations produce artifacts (for large kernels) and over-smoothing (for small kernels), respectively, whereas our approach maintains high fidelity across
all scales.
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Fig. 10. Visual comparison of spatially varying bokeh rendering. We compare our method against optimization-based sparse baselines (PST [Schuster
et al. 2020], DSKC [Wu et al. 2026]). Each result is labeled with its corresponding PSNR and runtime latency (in ms).
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Fig. 13. Visual comparison of spatially varying Gaussian blur. We compare our method against optimization-based sparse baselines (PST, DSKC).
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