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Fig. 1. The proposed Log-Linear Kernel Cluster Distillation framework aims to compress the cumbersome output head of kernel-prediction Monte Carlo
denoisers by identifying sparse archetypes (shown in the upper-right panel) in a high-dimensional denoising kernel space. By predicting the weights of these
archetypes and the weights of residual offsets, we can significantly improve the efficiency of existing kernel-prediction denoisers (e.g., NPPD [Balint et al.
2023]) while preserving high image quality. Bistro © Amazon Lumberyard.

Kernel prediction networks have gained widespread popularity for Monte
Carlo denoising, due to their ability to preserve fine details without halluci-
nating non-existent features. However, the requirement to explicitly predict
per-pixel spatially varying kernels imposes a heavy burden on memory
and computation. We observe that the predicted kernels are not arbitrary:
despite their high dimensionality, they exhibit recurring spatial patterns
and concentrate on a compact region of the probability simplex. This sug-
gests that kernel prediction networks can be compressed in the space of
filtering behavior rather than only in the space of network weights. Moti-
vated by this observation, we propose Log-linear Kernel Cluster Distillation,
a distillation framework that clusters denoising kernels predicted by a high-
quality teacher model into representative archetype patterns and trains a
lightweight student model to predict archetype mixtures refined by residual
offsets through a log-linear parameterization. The student model is super-
vised heterogeneously by both rendered outputs and normalized kernels,
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encouraging it to reproduce the teacher model’s filtering strategy while
retaining a compact prediction head. Our formulation decouples kernel ex-
pressiveness from output dimensionality, reducing end-to-end runtime by
60.7% relative to the 15M NPPD teacher at comparable image quality.
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noising, kernel prediction, knowledge distillation
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1 Introduction
Real-time ray tracing is now a standard rendering technique in
modern interactive graphics applications, yet frame-rate budgets
severely restrict sample counts, resulting in substantial Monte Carlo
noise [Christensen and Jarosz 2016; Pharr et al. 2023]. Consequently,
neural Monte Carlo denoising has recently become a core compo-
nent of the real-time rendering pipeline. Among neural approaches,
kernel prediction [Bako et al. 2017; Balint et al. 2023; Gharbi et al.
2019; Vogels et al. 2018] has emerged as the dominant paradigm:
instead of regressing pixel colors directly [Chaitanya et al. 2017],
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the network predicts per-pixel filtering weights that combine neigh-
boring samples, which preserves radiance consistency and keeps
the output free of hallucinated structures.

Deploying kernel-prediction denoisers under strict real-time bud-
gets, however, is limited by the output of the prediction head rather
than by the backbone alone. An 𝑛 × 𝑛 predicted kernel entails 𝑛2
output channels per pixel, and modern pyramid denoisers typically
predict several kernel families across multiple pyramid levels, re-
sulting in a cumbersome output head. For instance, NPPD [Balint
et al. 2023] produces 221 channels across its five levels, of which
214 are kernel coefficients. Since each output head is produced by
a 1 × 1 convolution from the decoder’s feature maps, the decoder
channel width at every level is lower-bounded by the output head’s
dimensionality. This bound is largely decoupled from backbone ca-
pacity, making the output head a structural performance bottleneck
for kernel-prediction networks.
In this paper, we first revisit this bottleneck by analyzing the

denoising kernels and their spanned space (typically forming a
simplex) produced by a trained kernel-prediction network. Applying
archetypal analysis [Alcacer et al. 2025; Cutler and Breiman 1994] to
this denoising kernel space, we observe that the normalized kernels
actually concentrate on a compact region of the simplex: a small
set of archetypes and their convex combinations reconstruct the
observed kernels with negligible error across scenes. This suggests
that the prediction head can output compact mixture weights over
a shared set of archetypes rather than full kernel coefficients.

Motivated by this observation, we propose Log-linear Kernel Clus-
ter Distillation, a practical distillation framework that compresses
the output head of kernel-prediction denoisers while preserving
the denoising quality of a large teacher model (e.g., NPPD). Instead
of predicting 𝑛2 output channels for an 𝑛 × 𝑛 kernel, a lightweight
student model only needs to predict two low-dimensional sets of
mixture weights for the generated archetypes and residual offsets,
respectively. A log-linear expansion module then fuses these two
sets to reconstruct the full denoising kernels before filtering. Con-
sequently, the output dimensionality reduces to the sum of the
archetype and residual counts, a dramatic reduction from the qua-
dratic footprint of direct kernel prediction.
In summary, our contributions are:

• A structural analysis of the kernel-prediction output head,
identifying it as a decoder-width bottleneck that is largely
independent of backbone compression, and an empirical anal-
ysis showing that normalized kernels concentrate within a
compact region of the simplex admitting an archetype-based
representation.

• A log-linear kernel expansion method that reconstructs full
denoising kernels from two groups of predicted weights over
offline-generated archetypes and residual offsets, reducing
the output dimension from the quadratic coefficient count
of direct kernel prediction to two low-dimensional mixture
dimensions.

• A distillation framework built on this expansion, which inte-
grates an offline two-stage archetype generation procedure,
a kernel-specific distillation loss, and a freeze-then-finetune

schedule. It reduces end-to-end runtime by 60.7% relative to
the 15M NPPD teacher at comparable image quality.

2 Related Work

2.1 Kernel Prediction for Monte Carlo Denoising
To meet strict real-time budgets, non-neural denoising filters have
long been the mainstream solution for interactive Monte Carlo
path tracing [Li et al. 2012; Schied et al. 2017; Sen and Darabi
2012; Zwicker et al. 2015]. Recently, the NVIDIA Real-time Denois-
ers (NRD) [NVIDIA 2022] has become a widely adopted industrial
pipeline for high-efficiency spatio-temporal denoising. While these
non-neural methods deliver consistent runtime performance, they
inevitably suffer from over-smoothing and detail loss in complex
scenes, motivating the development of neural alternatives [Yan et al.
2025].

Among neural denoising methods, kernel prediction has emerged
as a dominant paradigm due to its effectiveness in preserving high-
frequency details under severe noise. The seminal KPCN [Bako et al.
2017] established this paradigm by demonstrating that deep neural
networks can learn spatially varying kernels from noisy radiance
and G-buffer features, laying the foundation for this field. Subse-
quent researches further improved the kernel prediction pipeline.
Early efforts optimized network structures, parameter efficiency
and multi-task fusion for real-time performance [Cai et al. 2021; Fan
et al. 2021; Meng et al. 2020; Thomas et al. 2022]. Neural partition-
ing pyramids (NPPD) [Balint et al. 2023] mitigated low-frequency
artifacts through a hierarchical kernel filtering design. Online de-
noising frameworks [Choi et al. 2024] enhanced generalization and
temporal stability without relying on external pre-training datasets.
Multi-branch multi-scale networks [Kaźmierczyk et al. 2025] further
enabled efficient joint denoising and upscaling. However, dense full-
resolution kernel outputs remain costly, motivating compression of
the output representation.

2.2 Knowledge Distillation and Kernel Compression
Knowledge distillation compresses deep neural networks by trans-
ferring knowledge from a teachermodel to a smaller student [Hinton
et al. 2015]. For dense prediction, Liu et al. [2023] proposed struc-
tured knowledge distillation to transfer pair-wise and holistic struc-
tural information. Hu et al. [2023] leveraged auxiliary unlabeled data
to mitigate the teacher–student capacity gap in lightweight depth
estimation. In the context of natural image denoising, Young et al.
[2021] introduced feature alignment and feature matching losses
for efficient nature denoising, whereas Zou et al. [2022] adapted
the distillation target to the student architecture. Recently, within
real-timeMonte Carlo denoising, Kong et al. [2025] proposed render-
aware knowledge distillation, combining local-to-global distillation,
render-aware parameter generation, and auxiliary unlabeled data.

These methods mainly reduce the backbone cost or improve the
supervision strategy, while keeping the output space unchanged. For
kernel-prediction denoisers, the number of output channels scales
with the kernel size, making the dense per-pixel kernel representa-
tion a significant computational burden. An alternative direction is
to represent spatially varying kernels in a compact form. Existing
works have explored several such parameterizations. Specifically,
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Niklaus et al. [2017] factorized each adaptive 2D kernel into two 1D
kernels, reducing the number of predicted weights from quadratic to
linear in the kernel size. Carbajal et al. [2021] represented dense non-
uniform blur kernels using image-adaptive basis motion kernels and
pixel-wise mixing coefficients. In natural image denoising, Basis
Prediction Networks [Xia et al. 2020] similarly used image-level ba-
sis kernels and per-pixel mixing coefficients to avoid predicting full
per-pixel denoising kernels. Closest to our setting, Işık et al. [2021]
derive filter weights implicitly from affinities between learned per-
pixel embeddings. These methods demonstrate spatially varying
kernels are highly redundant and can be compressed through struc-
tured output parameterization. Building upon this insight, our work
applies archetypal analysis to denoising kernels and leverages the
representative kernel archetypes to compress the kernel-prediction
output space. Our teacher-derived components are shared within
each kernel family and combine archetype and residual mixtures
through a log-linear expansion.

3 Denoising Kernel Analysis

3.1 Performance Bottleneck of Kernel Prediction
Kernel prediction methods [Bako et al. 2017; Munkberg and Has-
selgren 2020; Vogels et al. 2018] reconstruct denoised radiance by
estimating spatially varying filtering kernels rather than directly
regressing pixel colors. Given a noisy radiance image, the network
predicts a denoising kernel k𝑝 over a neighborhood N(𝑝) at each
pixel 𝑝 , producing the reconstructed color as

ĉ𝑝 =
∑︁

𝑞∈N(𝑝 )
𝑘𝑝,𝑞 c𝑞,

∑︁
𝑞∈N(𝑝 )

𝑘𝑝,𝑞 = 1. (1)

These methods are output-channel intensive: an 𝑛 × 𝑛 filter re-
quires 𝑛2 output channels per pixel. Recent denoisers [Balint et al.
2023; Thomas et al. 2022] predict several distinct filters and blend
weights across multiple resolution levels. Taking NPPD [Balint et al.
2023] as an example, its five-level pyramid denoising predictor pre-
dicts 5 × 5 spatial kernels at all five levels, 5 × 5 temporal kernels at
the finest level, 4 × 4 upsampling kernels at the four coarser levels,
1-channel blend weight for previous noisy color, 1-channel blend
weight for previous output and 5-channel split weights for pyramid
partition.

We refer to each such filter type as a kernel family 𝑓 , and denote
the set of kernel families at level ℓ as Fℓ . The total output dimension
at level ℓ is then

𝐷ℓ =
∑︁
𝑓 ∈Fℓ

𝐷 𝑓 + 𝐵ℓ , (2)

where 𝐷 𝑓 is the number of kernel weights in family 𝑓 and 𝐵ℓ is the
number of scalar channels like blend/partition weights at level ℓ .

Figure 2 shows that kernel prediction at the finest pyramid level
dominates the runtime cost, as this level combines the highest spatial
resolution with the largest output dimension 𝐷0. Varying the spatial
and temporal kernel size at this level primarily impacts the predic-
tion cost rather than the filtering cost, confirming that convolution
at the finest layer constitutes the computational bottleneck.

Fig. 2. Runtime breakdown of NPPD on an NVIDIA RTX 4090 GPU (FP32)
under varying kernel size (𝑛) at the finest pyramid level, with kernel fu-
sion and operator-level optimizations disabled to isolate individual kernel
costs. Stacked bars show average CUDA time for finest-level prediction
(ConvUNet Finest Layer) and all remaining components (Other). Brack-
eted numbers [𝐶0,𝐶1 ] are the output channel counts at the finest and
second levels. Convolution at the finest level forms the primary computa-
tional bottleneck, especially when the kernel size 𝑛 is large.

3.2 Archetypal Analysis for Denoising Kernel Space
In this section, we will analyze the distribution of denoising kernels
on a probability simplex, and try to find a compact subspace that
is well approximated by a small set of archetypes. In this way, we
only need to predict compressed weights of dimension 𝐷 ′

ℓ ≪ 𝐷ℓ in
the kernel space.
Kernel prediction methods normalize filter weights to sum to

one for energy conservation, constraining each predicted kernel of
family 𝑓 to lie in the probability simplex

K𝑓 =
{
k ∈ R𝐷𝑓

�� ∑
𝑖 𝑘𝑖 = 1, 𝑘𝑖 ≥ 0

}
, (3)

which we refer to as the denoising kernel space.
We analyze the distribution of trained kernels inK𝑓 via archetypal

analysis (AA) [Cutler and Breiman 1994]. For each kernel family 𝑓 ,
AA learns a set of archetypes A𝑓 = {a𝑓 ,1, . . . , a𝑓 ,𝐾𝑓

} and represents
every observed kernel as a convex combination of them,

k𝑓 ≈
𝐾𝑓∑︁
𝑖=1

𝛼 𝑓 ,𝑖 a𝑓 ,𝑖 ,

s.t. a𝑓 ,𝑖 ∈ K𝑓 ,

𝐾𝑓∑︁
𝑖=1

𝛼 𝑓 ,𝑖 = 1, 𝛼 𝑓 ,𝑖 ≥ 0.

(4)

where each archetype a𝑓 ,𝑖 is itself a convex combination of the
observed kernels.
Since convex combinations of normalized kernels preserve nor-

malization, all archetypes and their resulting convex combinations
reside within K𝑓 . Unlike hard clustering or unconstrained linear
representations, AA expresses kernels as convex mixtures of nor-
malized observations and therefore preserves K𝑓 by construction.
Further comparisons are provided in the supplementary material.
We assess AA as a compressed parameterization of K𝑓 along

two axes: a qualitative inspection of the learned archetypes, and a
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quantitative measurement of the reconstruction error in Eq. (4) as a
function of the archetype count 𝐾𝑓 .
Figure 3 shows the qualitative result on 5 × 5 spatial kernels

collected from trained NPPD [Balint et al. 2023]. The kernels par-
tition into a small number of clusters, each aligned with a distinct
archetype that concentrates weight on a localized spatial pattern.
The four most frequent archetypes alone contain the majority of
kernels, and their representative members deviate from the assigned
archetype by only a small residual, suggesting that a few archetypes
already account for most of the distribution.
In summary, the visualization of denoising kernels from NPPD

confirms that these kernels actually concentrate within a com-
pact subregion of K𝑓 , which is well represented by a small set
of archetypes. We present our distillation framework based on this
observation, in which the student model predicts archetype weights
in K𝑓 together with learned residuals, and recovers the full kernels
by combining them.

4 Log-linear Kernel Cluster Distillation
This section introduces our log-linear kernel cluster distillation
framework (Fig. 4), which combines offline kernel cluster generation
with a lightweight kernel-prediction student. Given a pretrained
teacher denoiser, we first collect its normalized pyramid kernels and
generate archetypes A𝑓 and residual offsets 𝜹𝑓 for each kernel family
(Sec. 4.1). During training, the teacher and the student process the
same inputs, while the student predicts archetype weights 𝛼 𝑓 and
residual offset weights 𝛽𝑓 over these generated components. We
then use a log-linear expansion to reconstruct the full normalized
kernels before the standard pyramid filtering step (Sec. 4.3). Finally,
we train the student with image-space supervision and kernel-level
distillation (Sec. 4.4).

4.1 Kernel Cluster Generation
The above analysis shows that normalized kernels in K𝑓 concen-
trate around a small set of archetypes. While archetypes provide a
compact representation of K𝑓 , a single archetype cannot fully cap-
ture the individual kernels within its cluster. We therefore generate
two sets of components for each kernel family 𝑓 . The archetypes
A𝑓 encode the dominant filtering behavior within each kernel clus-
ter, and the residual offsets 𝜹𝑓 capture the finer variation around
the archetype. Both the archetypes and residual offsets share the
same dimension 𝐷 𝑓 as the original kernel of family 𝑓 . We represent
these components in the logarithm space, enabling the log-linear
expansion of Sec. 4.3 to combine them additively prior to softmax
normalization.

Stage 1: Archetypes. Following Sec. 3.2, we apply archetypal anal-
ysis to the kernel samples {k𝑓 ,𝑛} predicted by the pretrained teacher
model, obtaining 𝑀𝑎,𝑓 archetypes for family 𝑓 . We then take the
element-wise logarithm of each archetype to form the archetype
matrix A𝑓 ∈ R𝑀𝑎,𝑓 ×𝐷𝑓 .

Stage 2: Residual offsets. For each sample k𝑓 ,𝑛 , let a𝑓 ,𝑛 be the
archetype to which Stage 1 assigns the largest weight for that sample.
The log-space residual is

𝑟 𝑓 ,𝑛 = log(k𝑓 ,𝑛 + 𝜖) − log(a𝑓 ,𝑛 + 𝜖), 𝜖 = 10−6 . (5)

We then apply a second archetypal analysis with𝑀𝛿,𝑓 archetypes
to the residuals {𝑟 𝑓 ,𝑛} to form the residual offset matrix 𝜹𝑓 ∈
R𝑀𝛿,𝑓 ×𝐷𝑓 .
We fit AA independently for each kernel family using teacher

samples pooled across its pyramid levels. The samples are collected
from 128 training scenes, with 16 frames per scene at 256p, yielding
320M spatial, 80M temporal, and 250M upsampling samples. The
constrained optimization details are provided in the supplementary
material. We set (𝑀𝑎,𝑓 , 𝑀𝛿,𝑓 ) to (8, 4) for spatial kernels and (4, 4)
for both temporal and upsampling kernels.

4.2 Distillation Network Design
Teacher. Our distillation framework does not depend on a specific

teacher architecture. It only assumes that, for each kernel family
𝑓 , the teacher predicts kernels in the denoising kernel space K𝑓

defined in Sec. 3.2. In the current implementation, we instantiate
the teacher with NPPD [Balint et al. 2023], whose kernel prediction
module satisfies this requirement and provides a strong baseline for
Monte Carlo denoising.

Student. The student follows the same pyramid filtering structure
as the teacher. We group the predicted filters into three kernel
families: spatial kernels, temporal kernels, and upsampling kernels.
The same family definition is used across pyramid levels. Empirically,
sharing one set of archetypes and residual offsets within each family
is sufficient to represent kernels from different levels.
The architectural change is at the kernel-prediction decoder’s

output. Instead of predicting all 𝐷 𝑓 kernel weights for each active
family, the student predicts low-dimensional mixture weights over
the shared family-level archetypes and residual offsets.

Let F = {spatial, temporal, upsampling} denote the three kernel
families, and let Fℓ ⊆ F be the families used at pyramid level ℓ .
For each 𝑓 ∈ Fℓ , the student predicts archetype mixture weights
𝜶ℓ,𝑓 ∈ R𝑀𝑎,𝑓 and residual mixture weights 𝜷ℓ,𝑓 ∈ R𝑀𝛿,𝑓 , both non-
negative and summing to one. The log-linear kernel expansion then
combines these weights with A𝑓 and 𝜹𝑓 to produce the full pyramid
kernels kℓ,𝑓 ∈ K𝑓 .

For the teacher, the decoder output dimension at pyramid level ℓ
is 𝐷ℓ in Eq. (2). Under the log-linear expansion, each 𝐷 𝑓 is replaced
by𝑀𝑎,𝑓 +𝑀𝛿,𝑓 . Therefore, the student’s output dimension at level ℓ
becomes

𝐷cluster
ℓ =

∑︁
𝑓 ∈Fℓ

(
𝑀𝑎,𝑓 +𝑀𝛿,𝑓

)
+ 𝐵ℓ , (6)

with the largest reduction at the finest level.

4.3 Log-linear Kernel Expansion
Given archetypes A𝑓 and residual offsets 𝜹𝑓 from Sec. 4.1, and the
student-predicted mixture weights 𝜶ℓ,𝑓 and 𝜷ℓ,𝑓 from Sec. 4.2, the
reconstructed kernel of family 𝑓 at level ℓ is

kℓ,𝑓 = softmax
(
𝜶⊤
ℓ,𝑓
A𝑓 + 𝜷⊤

ℓ,𝑓
𝜹𝑓

)
∈ K𝑓 . (7)

AA provides the offline initialization of the archetypes and residual
offsets, whereas Eq. (7) defines the student’s forward mapping. At
inference time, the student-predicted mixtures are combined in log
space and normalized by softmax: the archetype mixture captures
the overall filtering behavior, while the residual mixture refines
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Fig. 3. Archetypal analysis groups 5× 5 spatial kernels by filtering behavior. Left: t-SNE of 12k 5× 5 spatial kernels collected from NPPD on the test set, colored
by dominant archetype. Gray lines link samples to their archetypes (blue stars). Right: the four most frequent archetypes, each with four representative
member kernels, annotated with usage share and dominant archetype weight 𝛼𝑓 ,𝑖 .

element-wise variations. The student thus predicts only 𝑀𝑎,𝑓 +
𝑀𝛿,𝑓 mixture weights per family, in place of the 𝐷 𝑓 kernel weights
required by direct kernel prediction.

4.4 Training
Loss function. The student is trained with a combination of image-

space supervision and teacher-guided distillation losses. The total
objective is

L = 𝜆𝑠Lsup + 𝜆𝑜Lkd-out + 𝜆𝑘Lkd-ker, (8)

where 𝜆𝑠 , 𝜆𝑜 , and 𝜆𝑘 weight supervised reconstruction, output dis-
tillation, and kernel distillation, respectively. We follow the NPPD
training objective [Balint et al. 2023] forLsup: a radiance-normalized
SMAPE term,

SMAPE(u, v) = 1
|Ω |

∑︁
𝑖∈Ω

|𝑢𝑖 − 𝑣𝑖 |
|𝑢𝑖 | + |𝑣𝑖 | + 𝜖

, (9)

with 𝜖=10−3, combined with the original spatial and temporal fea-
ture losses and the two-step BPTT temporal consistency loss [Balint
et al. 2023].

Output distillation. Lkd-out compares the rendered student and
teacher images under the same radiance normalization:

Lkd-out = SMAPE(N (ŷ𝑡 ),N𝑡 (ŷ𝑠 )), (10)

where ŷ𝑠 and ŷ𝑡 are the student and teacher denoised outputs,N de-
notes the NPPD radiance normalization, andN𝑡 applies the teacher’s
normalization scale to the student.

Kernel distillation. Lkd-ker supervises the student’s log-linear ex-
pansion directly in kernel space. It compares the student’s expanded

normalized kernels with the teacher’s softmax-normalized kernels
over the shared pyramid,

Lkd-ker =
1
𝐿

𝐿∑︁
ℓ=1

1
|Fℓ |

∑︁
𝑓 ∈Fℓ



k𝑠
ℓ,𝑓

− k𝑡
ℓ,𝑓




1, (11)

where Fℓ is the set of kernel families at level ℓ : spatial kernels at all
levels, the temporal reuse kernel at the finest level, and upsampling
kernels at the coarser levels. This term aligns the student’s filtering
behavior with the teacher’s at every pyramid level rather than only
at the rendered output.

Implementation details. We use the Noisebase dataset released
with NPPD [Balint et al. 2023], which contains 1024 animated train-
ing sequences of 64 frames each, rendered in Falcor [Kallweit et al.
2022] from production-style interior and exterior scenes. The data
are provided as motion-compensated 256 × 256 crops with the aux-
iliary buffers required for neural Monte Carlo denoising (radiance,
depth, normals, and motion). Training proceeds in two phases to
stabilize the learning of the log-linear expansion. In the freeze phase
(first 𝐸𝑓 =10 epochs), the archetype and residual parameters A𝑓 and
𝜹𝑓 are held fixed at the values produced by Kernel Cluster Gener-
ation (Section 4.1), and only the student backbone is trained with
all three loss terms. This allows the backbone to learn to produce
meaningful mixture weights over a stable archetype subspace be-
fore the subspace itself is allowed to update. In the finetune phase
(remaining epochs), A𝑓 and 𝜹𝑓 are unfrozen and trained jointly
with the backbone at 0.1× the backbone learning rate. Keeping the
components fixed initially lets the backbone learn stable mixture
predictions before the representation itself changes. During fine-
tuning, the reduced component learning rate limits collapse and
excessive drift from the AA initialization. Once unfrozen, however,
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Fig. 4. Overview of our kernel cluster distillation framework. Before training, archetype and residual parameters A𝑓 , 𝜹𝑓 are generated from the teacher’s
kernel outputs by a two-stage archetypal analysis (Sec. 4.1). During training, the pretrained NPPD teacher and the lightweight student share the same input;
the student predicts archetype weights 𝛼𝑓 and residual offset weights 𝛽𝑓 at each level, which the log-linear expansion module (Sec. 4.3) maps back to full
pyramid kernels. Distillation losses compare the two models on both rendered outputs and expanded kernels.

the components are no longer constrained to their respective AA
convex hulls and instead form an AA-initialized learned dictionary.
This distinction between the offline AA construction and the train-
able deployment representation is detailed in the supplementary
material. The kernel distillation weight 𝜆𝑘 is halved after epoch 5,
allowing the student to improve its rendered output beyond a strict
match to the teacher kernels. The backbone learning rate is 10−4
with per-epoch exponential decay (𝛾=0.94), and the loss weights are
𝜆𝑠=1.0, 𝜆𝑜=0.5, 𝜆𝑘=0.1. All models are trained in FP16 with gradient
clipping at max norm 1.0.

5 Results
We evaluate the proposed Log-linear Kernel Cluster Distillation frame-
work together with its large teacher model and compact student
baselines (8M parameters) on a test set that combines sequences
from the Noisebase benchmark used by NPPD [Balint et al. 2023]
with additional scenes rendered using RTXPT [NVIDIA 2023]. The
evaluated scenes include Bistro [Lumberyard 2017],Zeroday [Winkel-
mann 2019], Dining Room, Bedroom, and Kitchen scenes from the
Computer Graphics Archive [Bitterli 2016].

For temporal methods, we allow a 16-frame warm-up phase at the
start of each animated sequence to stabilize temporal accumulations.
We tonemap all outputs following the ACES guidelines [Hill 2022]

to match professional animation pipelines. Reference frames are
rendered at 4096 samples per pixel (spp).

5.1 Comparison of Different Denoising Methods
We compare our method against representative production and
learning-based denoisers: NPPD [Balint et al. 2023], Intel Open
Image Denoise (OIDN) [Áfra 2024] version 2.4.1, NVIDIA OptiX
AI-accelerated denoiser (ONND) [Chaitanya et al. 2017] version
9.1, and Feature-Align Network with Knowledge Distillation for
Efficient Denoising (FAN) [Young et al. 2021]. For a fair comparison
with direct dense kernel prediction, we train an NPPD baseline with
a model size comparable to our student (NPPD Small), while pre-
serving the original dense pyramid-kernel output parameterization.
For the FAN, we use the same compact NPPD student and NPPD
teacher as ours. We adopt its feature-alignment distillation strategy
by matching intermediate teacher features induced by the student
output and the ground-truth image.

Quality comparison. Table 1 reports PSNR and SSIM after ACES
tonemapping on 1 spp inputs. NPPD (Teacher) achieves the highest
reconstruction quality among kernel-prediction baselines, whereas
our student maintains comparable quality at substantially lower
computational cost. Compared with FAN, the improvement mea-
sures the benefit of kernel-level distillation. OIDN and OptiX serve
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Bistro Zeroday Dining Room Bedroom Kitchen
Method FLOPs Param. PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑
Ours 1.4 T 8.8 M 29.47 0.857 24.66 0.760 30.03 0.944 28.32 0.804 28.77 0.850
NPPD (Small) 1.5 T 8.9 M 28.95 0.828 23.92 0.731 29.24 0.939 28.06 0.801 28.54 0.848
FAN 1.5 T 8.9 M 28.85 0.833 24.28 0.750 29.09 0.941 28.12 0.803 28.46 0.843

ONND — — 28.94 0.838 23.20 0.724 28.91 0.946 27.94 0.798 28.77 0.849
OIDN — — 27.17 0.793 23.57 0.729 29.18 0.935 27.21 0.791 27.83 0.833

NPPD (Teacher) 2.8 T 15.0 M 29.43 0.857 24.68 0.760 30.04 0.941 28.28 0.804 28.85 0.852

Table 1. Quantitative comparison on 1 spp inputs across five test scenes (Bistro, Zeroday, Dining Room, Bedroom, and Kitchen). Best and second-best
results per scene and metric are highlighted in color.

Ours w/o residual offsets w/o Lkd-out w/o Lkd-ker 𝑘-means init.

PSNR ↑ 28.25 27.78 28.02 21.23 27.31
SSIM ↑ 0.843 0.841 0.842 0.653 0.835

Table 2. Ablation of the compact kernel parameterization, averaged over the five test scenes in Table 1. Higher is better.

as external quality references because they do not expose trainable
kernel outputs. Across the five scenes, our student remains close
to the teacher in both metrics and consistently improves over the
matched NPPD (Small) baseline. These results indicate that the com-
pact output representation preserves most of the teacher’s filtering
quality without retaining its dense prediction head.

Figure 5 shows representative visual comparisons across all five
test scenes. OIDN and ONND produce over-smoothed outputs that
suppress high-frequency details, and occasionally introduce chro-
matic artifacts on specular surfaces. The equal-capacity NPPD (Small)
and FAN recover more details but still fall short on fine textures and
sharp edges. Our method preserves sharper boundaries and finer
surface details, remaining comparable to the NPPD teacher and
demonstrating the effectiveness of distillation. Temporal-stability
metrics on animated test sequences are reported in the supplemen-
tary material.

Runtime performance. We measure runtime on a single NVIDIA
RTX 4090 at 1920 × 1080. Networks are deployed in FP16 with Ten-
sorRT 10.13 [NVIDIA Corporation 2025], and the pyramid filter
uses fused CUDA kernels; timings exclude I/O. Fig. 7 compares the
NPPD teacher, a lightweight NPPD of matched capacity using na-
tive pyramid-partition kernel prediction, and our log-linear kernel
cluster student, at 41.5, 20.8, and 16.3ms respectively. The 4.5ms
gain over the lightweight NPPD comes from the full-resolution pre-
diction (6.7→3.0ms) and the CUDA pyramid stage (3.7→2.9ms),
with the remaining network layers unchanged at 10.4ms. As ex-
ternal references, ONND is GPU-optimized but does not expose
component-level timings, and OIDN is not a kernel-prediction de-
noiser. Their runtime costs are 10.13 and 6.96ms, respectively.

5.2 Ablation on Kernel Cluster Distillation
We report 1 spp ablations averaged over all five test scenes. All
variants share the student backbone, output dimension, and train-
ing schedule. Table 2 reports the metrics and Fig. 8 shows visual
comparisons; w/o Lkd-ker is omitted because it fails to converge.
We remove the residual offset branch and replace Eq. (7) with a

single mixture over𝑀𝑎,𝑓 +𝑀𝛿,𝑓 shared archetypes. Fig. 6 illustrates
the element-wise refinement by the residual offsets. Without them,
the student leaves low-frequency noise and block-like patterns in
flat regions. Removing Lkd-out instead keeps the kernel structure
close to Ours, but residual low-frequency noise remains visible in
the rendered images, since kernel-level distillation alone does not
penalize image-space mismatches. Without Lkd-ker, the log-linear
expansion is never constrained in K𝑓 and validation PSNR fails to
improve, confirming that Lkd-ker is what anchors A𝑓 and 𝜹𝑓 during
training. We further replace the two-stage archetypal initialization
with log-space 𝑘-means, using the same freeze-then-finetune sched-
ule. The resulting model produces globally darker reconstructions,
suggesting that 𝑘-means provides a less faithful initialization for A𝑓
and 𝜹𝑓 than archetypal analysis. Additional comparisons with NMF
and VQ-codebook initializations are provided in the supplementary
material.

6 Conclusion and Future Work
In this work, we analyze the performance bottleneck of kernel pre-
diction and show that the dominant cost comes from finest convolu-
tion stage with large output channels. Motivated by the observation
that teacher kernels concentrate within a compact region of the
kernel space K𝑓 , we propose Log-linear Kernel Cluster Distillation,
which trains a student to predict low-dimensional archetype and
residual offset weights and reconstructs the full kernels through a
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log-linear expansion. Our results show that the student model re-
duces end-to-end inference time by 60.7% relative to the 15M NPPD
teacher while maintaining comparable denoising quality.

Although the proposed formulation is designed to be broadly ap-
plicable, we have not conducted wider generalization studies across
more diverse denoising pipelines, nor compared against more ag-
gressive compression settings. Since the archetypes and residual
offsets are precomputed and shared across all kernels, they are
amenable to further compression via post-training quantization [Ja-
cob et al. 2018] or low-precision numerical formats [Micikevicius
et al. 2022]. We also expect that more compact representations of
the kernel space beyond a log-linear archetype mixture can be dis-
covered through dictionary learning [Mairal et al. 2009] or implicit
neural parameterizations [Sitzmann et al. 2020].
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1 spp Ours Reference OIDN

PSNR:23.60

ONND

PSNR:22.86

FAN

PSNR:23.79

NPPD (Small)

PSNR:24.48

NPPD

PSNR:24.79

Ours

PSNR:24.68

Reference

PSNR:24.00 PSNR:25.81 PSNR:24.32 PSNR:26.18 PSNR:26.46 PSNR:26.57

PSNR:29.59 PSNR:29.40 PSNR:29.41 PSNR:30.15 PSNR:30.47 PSNR:30.47

PSNR:27.59 PSNR:28.17 PSNR:27.94 PSNR:28.14 PSNR:28.75 PSNR:28.73

PSNR:28.99 PSNR:28.92 PSNR:28.26 PSNR:29.93 PSNR:30.09 PSNR:29.99

Fig. 5. Our method is compared against OIDN, ONND, FAN, and NPPD across five rendered scenes (Bistro, Zeroday, Dining Room, Bedroom, and Kitchen). Our
method consistently outperforms the competing methods in reconstructing fine shadow details, metallic surface highlights, delicate texture patterns, and
sharp object boundaries, achieving a better overall balance between noise removal and detail preservation. Zeroday © Mike Winkelmann, Bistro © Amazon
Lumberyard, Dining Room © Wig42, Bedroom © SlykDrako, Kitchen © Jay-Artist.
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Fig. 6. Log-linear expansion for a single pixel (marked ★) on the Bistro with𝑀𝑎,𝑓 =8,𝑀𝛿,𝑓 =4. The archetype visualization shows each pixel colored by its
dominant archetype cluster, revealing spatially coherent regions that share similar filtering behavior. The student predicts archetype weights 𝜶 and residual
weights 𝜷 for each pixel; their log-space components are added and normalized by softmax to yield the student kernel (MAE= 0.01 vs. teacher kernel).
Archetypes alone provide only a coarse approximation of the teacher kernel but the residual offsets supply the remaining fine-grained corrections necessary to
close the gap. Bistro © Amazon Lumberyard.

Fig. 7. Runtime decomposition of the teacher baseline, a lightweight NPPD,
and our kernel cluster student at 1920×1080 on an NVIDIA RTX 4090. Seg-
ment labels and totals are in milliseconds.

Input K-means init. w/o Lkd-out w/o Residual Offsets Ours Reference

Fig. 8. Ablation studies on kernel distillation components. K-means initial-
ization instead of archetypal analysis, removal of the output distillation loss
Lkd-out, and removal of residual offsets. All other training settings remain
identical.
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