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Fig. 1. RaNAD is capable of processing both deep-Z and deep-OID variants of deep images, preserving the depth separation offered by deep-Z images and the
clean object isolation offered by deep-OID images. On the left, we show a denoised deep-Z frame with cross-frame RaNAD. On the right, we show edited
versions of the two highlighted regions in this frame, listing the noisy input, a previous CNN-based deep-Z denoiser DACNN [Zhang et al. 2024], our proposed
RaNAD, and the reference. The two top rows show that our RaNAD method maintains a clean separation between the foreground (FG) and the background
(BG) whereas DACNN leaves traces of BG in FG (vice versa). The bottom two rows show that, when applied to a deep-OID image, RaNAD preserves the
separation between objects; DACNN does not support denoising deep-OID images. © Disney

Deep images store a variable number of “bins” within each pixel, enabling
deep compositing workflows with clean separation of overlapping objects,
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but Monte Carlo noise limits their practical use. Existing deep image denois-
ers are limited in quality, generality, and temporal processing because ragged
bin neighborhoods are incompatible with fixed convolution kernels. We in-
troduce the ragged neighborhood attention (RaNA) operator, which extends
neighborhood attention to semi-structured deep images by dynamically
resolving bin-to-bin relationships across spatial and temporal neighbor-
hoods. Using RaNA, we build the first spatiotemporal neural denoiser for
deep Monte Carlo renderings, termed RaNAD, with a multi-U-Net back-
bone, multi-scale reconstruction, and an optimized CUDA implementation.
RaNAD handles both deep-Z and deep-OID variants and supports temporal
windows of up to 7 frames. Compared with the previous state of the art
for deep image denoising, RaNAD improves denoising quality substantially
while preserving the layered structure needed for deep compositing; when
its output is flattened for evaluation, it also attains quality competitive with
strong flat image denoisers. As a kernel-based method, RaNAD efficiently de-
noises multi-AOV images, and temporal processing further improves quality
and stability, making the method practical for offline production rendering
and compositing workflows.
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1 Introduction

Compositing is essential in animated film and VFX production,
where different elements within a shot are adjusted independently
[Brinkmann 2008]. A key step is isolating objects of interest, typi-
cally via alpha matting [Yao et al. 2024] or multiple render passes.
Both approaches have limitations: matting creates edge artifacts
when objects overlap within pixels, while render passes require
knowing in advance which objects will be modified.

Deep images, or more specifically deep EXRs [Kainz 2013b], fa-
cilitate compositing by separately storing different entities within
the same pixel. These sub-pixel units are termed “bins”; each bin
records color, opacity, and arbitrary additional attributes, and each
pixel can contain an arbitrary number of bins. Therefore, deep im-
ages can provide more accurate opacity and avoid edge artifacts
in compositing because the different bins offer ideal separation of
geometric boundaries.

One hurdle preventing rendered deep images from widespread
adoption is noise, which increases the difficulty of achieving the
desired effect. High-quality denoisers for deep images, especially
ones that compete with the quality of denoisers on flat images
[Vogels et al. 2018; Zhang et al. 2023], will greatly improve the
practicality of deep images in offline production workflows. Figure 2
shows why flat denoising is not a replacement for this workflow:
compositing noisy deep data before flat denoising can cause color
shifts under nonlinear edits, while flattening before compositing
loses layer separation and leaves boundary artifacts.

Recent machine learning methods adapt convolutional neural
networks (CNNs) [Zhang et al. 2024] for denoising deep-Z images,
filtering each bin based on information from neighboring bins in
image space and in depth. Though advancing over the traditional
cross-filter [Vicini et al. 2019], the quality of these methods is not
sufficient, and they cannot be easily extended to handle deep-OID
images or ingest temporal information.

The key challenge of neural denoising for deep images lies in
their ragged structure. Image-space operations that assume a regular
2-D image plane, including convolutions, pooling, and unpooling,
cannot be easily adapted to process deep images, as the definition of
neighborhood is unclear. We propose the ragged neighborhood at-
tention (RaNA) operator that enables efficient information gathering
on semi-structured data. Our RaNA-based denoiser, RaNAD, greatly
improves the denoising quality on deep Monte Carlo renderings
and supports both deep-Z and deep-OID formats (Figure 1).
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Fig. 2. Deep image denoising preserves the deep compositing workflow. The
example inserts a layer between foreground and background and recolors the
foreground. Compositing noisy deep data before flat denoising causes color
shifts (e.g., to the right of the image), while flat denoising before compositing
loses separation and creates boundary artifacts. RaNAD denoises before
compositing, matching the reference workflow.

Another critical aspect that offline production-ready denoisers
need to consider is cross-frame denoising, i.e., making use of neigh-
boring frames. Not only is cross-frame denoising essential for main-
taining temporal coherence, but it can also improve denoising qual-
ity. To the best of our knowledge, previous deep image denoising
methods work with only spatial neighbors, and an effective cross-
frame denoising technique for deep images is yet to be developed.

Our RaNAD model is kernel-based, performing reconstruction via
attention-induced implicit kernels. Kernel-based denoisers are pre-
ferred in production for their stability, quality, and robustness [Bako
et al. 2017; Vogels et al. 2018]. A key benefit is efficient denoising of
arbitrary output variables (AOVs) through kernel reuse: by caching
embeddings and rerunning only the reconstruction module, RaNAD
can consistently denoise multiple AOVs without repeated inference.

Our contribution can be summarized as follows.

o We introduce the ragged neighborhood attention (RaNA) op-
erator which, through our custom CUDA implementation,
enables efficient processing of semi-structured data with neu-
ral networks.

Based on RaNA, we propose the ragged neighborhood atten-

tion denoiser (RaNAD) for deep images, which greatly ad-

vances denoising quality over previous state-of-the-art deep
image denoisers.

o We further adapt RaNAD to perform cross-frame denoising,
introducing the first spatiotemporal neural denoising method
for deep images and improving temporal stability and denois-
ing quality.

2 Background and Related Work

Our study focuses on denoising deep images produced by Monte
Carlo rendering using attention-based neural networks. We hereby
review the deep image format, the relevance of attention mecha-
nisms to ragged data, and the landscape of Monte Carlo denoising.

2.1 Deep Images

Unlike traditional images where every spatial location (x,y) con-
tains a fixed-size data vector, deep images consist of sub-pixel “bins”
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whose count varies dynamically from pixel to pixel [Kainz 2013a].
This transforms the image from a dense 3-D tensor into a ragged
4-D array of shape HXW XBxC, where the bin dimension B has
variable length. Deep images are typically generated by Monte
Carlo rendering, aggregating light path samples based on either
first-hit depth (deep-Z) or Object ID (deep-OID) [Vicini et al. 2019].
While this structure facilitates downstream compositing [Foundry
2023], the inherent rendering noise is a major obstacle. Existing
denoisers [Vicini et al. 2019; Zhang et al. 2024] struggle to meet
production-quality requirements and lack support for cross-frame
temporal consistency. Our proposed RaNAD addresses these limita-
tions, offering a production-ready solution for offline rendering and
compositing workflows.

2.2 Attention and Neighborhood Attention

The lack of a regular grid in the bin dimension makes defining
consistent convolution kernels on deep images non-trivial. The
attention mechanism [Vaswani et al. 2017] offers a solution by han-
dling variable-length sequences naturally. It computes a weighted
sum of values (V) based on the compatibility of a query (Q) with
keys (K):

. OKT
Attention(Q, K, V) = softmax \% (1)
dKQ

While standard attention is computationally expensive (O(N?) for
self-attention of a length-N sequence), local variants like Neighbor-
hood Attention (NA) [Hassani et al. 2023] reintroduce local inductive
biases similar to convolutions. However, existing NA implementa-
tions require dense tensors. Our RaNA operator bridges this gap,
leveraging a custom CUDA implementation to apply NA within
the ragged data structure. Related work has also explored hybrid
convolution-attention architectures for flat image processing [Bello
et al. 2019] and transformers for point clouds [Zhao et al. 2021],
but these methods are designed for either dense tensors or un-
structured point neighborhoods, and thus do not directly support
semi-structured deep images.

2.3 Monte Carlo Denoising

Kernel-based denoising. Kernel-predicting convolutional net-
works (KPCN) [Bako et al. 2017; Vogels et al. 2018] have become the
standard for denoising rendered content. By predicting per-pixel
filter kernels based on auxiliary features (e.g., albedo, normal, depth),
they preserve high-frequency details better than direct color pre-
diction. Sample-based Monte Carlo denoisers [Gharbi et al. 2019;
Munkberg and Hasselgren 2020] operate on individual Monte Carlo
samples with a kernel-based approach, but they still target flat image
quality. RaNAD adopts the kernel-based denoising philosophy but
generates filter kernels implicitly via attention, and it optimizes the
denoising quality while preserving deep image structure, instead of
targeting flat image quality.

Attention-based architectures. While Vision Transformers are in-
creasingly popular in low-level vision tasks [Liang et al. 2021; Zamir
et al. 2022], their adoption in Monte Carlo denoising is recent [Chen
et al. 2024; Yu et al. 2021]. Unlike prior works that use attention

primarily for feature extraction on dense images, we utilize it specif-
ically to resolve the structural irregularity of deep images.

Deep image denoising. As shown in Figure 2, high-quality flat
denoisers cannot be easily applied in deep compositing workflows.
On the other hand, solutions tailored to deep images are scarce.
Vicini et al. [2019] adapted the cross-NL-Means filter for deep-Z
bins, and Zhang et al. [2024] introduced a 3-D KPCN that adapts
kernels based on depth; neither approach supports deep-OID images
or temporal denoising. RaNAD significantly improves denoising
quality and introduces cross-frame capabilities, establishing a robust
pipeline for offline deep image denoising and compositing.

RaNA([ [ @)=

QUERY KEY VALUE ouT

(6 bins) (36 bins) (36 bins) (6 bins)

Fig. 3. One step of ragged neighborhood attention (RaNA). Here Query,
Key, Value, and Output are all 5x5 deep images, where each dot denotes
one bin. For each query bin in the center pixel, RaNA gathers the bins from
neighboring pixels in Key and Value and applies attention to compute the
Output for the query bin. The final Output has the same bin layout as Query
and the same channel count as Value.

3 Ragged Neighborhood Attention

The core operator enabling our deep image denoiser is the Ragged
Neighborhood Attention (RaNA) mechanism. This approach is simi-
lar to the concept of Neighborhood Attention (NA) [Hassani et al.
2023], which mitigates the quadratic cost of global self-attention
[Vaswani et al. 2017] by restricting the attention scope to a local
sliding window. However, while the original NA relies on a fixed
grid topology, deep images possess a ragged structure where the
number of bins varies per pixel. In this context, determining which
neighbors are relevant is non-trivial due to depth discontinuities and
overlapping strata. RaNA extends the principles of neighborhood
attention to this irregular domain, using attention to dynamically
resolve bin-to-bin relationships within the ragged neighborhood, as
conceptually illustrated in Figure 3.

3.1 Formal Definition of the RaNA Operator

Let B denote the set of all populated bin indices in the deep image.
A bin index p € 8 is a 3D vector that can be decomposed into its
spatial 2D pixel coordinates x and its depth-wise bin index b, such
that p = (x,b).

For a given center bin p, we define a local spatial neighborhood
N (p) comprising all bins belonging to pixels within a Euclidean
distance (radius) R of the center pixel x in the image plane:

N ={p €8 |p = (X,b)and |x-x|, <R} 2)

We deliberately employ the Ly distance (defining a pixelated cir-
cle) rather than the Chebyshev (L) distance commonly used in
convolutional or sliding window operators because RaNA is not
bound by the rectangular memory constraints of fixed grids and the
Ly norm allows us to select neighbors based on consistent spatial
proximity. An illustration of the neighborhood can be found in the

SIGGRAPH Conference Papers 26, July 19-23, 2026, Los Angeles, CA, USA.



4 « Zhangetal.

Channel-axis
uniform split

Channel-axis
concatenation

0o

Ragged Neighborhood
Attention Block (RaNAB)

Fig. 4. RaNA block, consisting of multi-head RaNA (4-head example), fully
connected (FC) layers, and residual connections.

supplemental material. Due to the ragged nature of the data, the
cardinality | (p)| varies for every p.

The core RaNA operator takes a center query and its ragged
neighborhood; key and value vectors are looked up for each neigh-
boring bin. For a specific center bin p, the attention weight Ap.
represents how much a neighbor p’ contributes to the update of
p. The weight is computed via a scaled dot-product between the
query of the center and the keys of the neighbors, normalized by a
softmax over the ragged neighborhood:

SO maxmeN(P) T .
dp. ,
P

The output of the RaNA operator, yp, is the aggregation of informa-
tion flowing from the neighborhood:

RaNA(qp, N(p)) = D Apepvp. @
p'eN(p)

Apeyp =

3.2 RaNA Block (RaNAB)

We incorporate the core RaNA operator into a complete processing
block, the RaNA Block (RaNAB), employing multi-head attention
and residual connections as illustrated in Figure 4.

Let F denote the input feature tensor to the block, where F}, € RC
is the feature vector for bin p. First, F is projected by three separate
fully connected (FC) layers to generate queries Q, keys K, and values
V. These are subsequently split along the channel dimension into

Nhead independent heads. For each head h € {1,..., Npeaq}, we
obtain query, key, and value vectors ql(,h), kl(,h), vl(,h). We apply the

core RaNA operator (Equation (4)) to each head independently in
parallel. The outputs of the heads are concatenated to form a single

combined feature vector:
y Concat{RaNA(q(l) N(p)), R RaNA(qI(,Nhead), N(p)) } .

®)
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Fig. 5. High-level organization of single-frame and cross-frame RaNAD.
The single-frame model processes one noisy deep frame through input
processing, a RaNA-based multi-U-Net, and spatial per-layer reconstruction.
The cross-frame model extends this pipeline to a frame window using motion
compensation, frame-parallel multi-U-Net backbone, and spatiotemporal
per-layer reconstruction for the center frame.

Following standard transformer design principles, we employ resid-
ual connections. The concatenated output is added to the original
input features Fp:

zp = Fp+ypt (6)
Finally, this intermediate result passes through a feed-forward net-

work (FFN), consisting of two FC layers separated by a ReLU activa-
tion, with its own residual connection:

Output, = zp + FC; (ReLU(FC1(zp))). 7)

This complete definition allows the RaNA block to learn complex
local relationships in ragged deep image data efficiently.

4 RaNA Denoiser for Deep Images

In this section, we describe RaNAD for spatiotemporal deep image
denoising, starting with the single-frame model and then extend-
ing it to cross-frame feature mixing and reconstruction. Figure 5
provides a high-level overview of both models.

4.1 Single-Frame RaNAD

Figure 6 shows the single-frame RaNAD architecture, formed by
three main modules: input processing, multi-U-Net backbone, and
per-layer reconstruction. The model input consists of diffuse, specu-
lar, alpha, depth, albedo, and normal layers from a noisy deep image.
In addition to image channels, we also provide the indices along the
width, height, and bin dimensions for positional encoding.

The model denoises diffuse, specular, alpha, and depth; albedo and
normal are auxiliary feature buffers. We adopt the diffuse-specular
split because of its quality gains over color-only denoising [Vogels
et al. 2018; Xu et al. 2019], and we additionally denoise the alpha and
depth layers because noise in these layers can introduce artifacts in
compositing operations [Zhang et al. 2024].

4.1.1 Input processing. The input processing module prepares a
per-bin feature vector as the input to the multi-U-Net backbone.
First, each input layer, as listed above, is transformed with a special-
ized function based on its respective meaning and range, following
previous works on both flat and deep-Z image denoising [Zhang
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Fig. 6. Single-frame ragged neighborhood attention denoiser (RaNAD) architecture. The pipeline consists of three stages: input processing (Section 4.1.1),
multi-U-Net backbone (Section 4.1.2), and multi-scale reconstruction (Section 4.1.3). The width of the data pipes indicates the scale in terms of bin density.

et al. 2021, 2024]. Next, positional encoding is appended to each
bin’s feature vector, using not only the pixel location (x, y) but also
the bin index b, so that the downstream RaNA operators are aware
of the neighborhood structure of a bin. This step is necessary be-
cause RaNA, derived from the attention operation, requires position
information to distinguish close-by neighbors from distant ones, in
contrast with fully convolutional denoisers [Hasselgren et al. 2020;
Vogels et al. 2018] whose convolution kernels encode the neighbors’
relative position inherently. The exact inputs used by our RaNAD
models are detailed in supplemental material.

4.1.2  Multi-U-Net Backbone. As depicted in the middle part of
Figure 6, the majority of RaNAD’s trainable parameters reside in
a backbone network termed multi-U-Net, which consists of a se-
quence of multiple RaNA-based U-Net submodules. The multi-U-Net
backbone receives per-bin feature vectors from the input processing
module and produces per-bin learned embeddings, which are passed
to the reconstruction module for the eventual denoising step.
U-Nets have been widely adopted in Monte Carlo denoising to
efficiently gather context from larger neighborhoods [Hofmann
et al. 2023; Zhang et al. 2021]. In RaNAD, each U-Net submodule
contains encoder and decoder blocks at multiple scales, with skip
connections at each scale between the encoder blocks’ output and
the decoder blocks’ input. The distinct difference from previous
work is that RaNA, instead of convolution layers, is used to imple-
ment RaNAD’s U-Nets. More precisely, RaNA drives the feature
aggregation inside the encoder and decoder blocks, while the ac-
tual changes in bin layout are performed by dedicated down/up
operators. Down-sampling selects a sparser query layout through
deterministic bin dropout, and up-sampling restores a finer bin lay-
out through up-scattering and shortcut merging (see supplemental
material for details). For coarser scales with fewer bins, we expand

the RaNA operators’ radius to gather information from more distant
neighbors.

The output of a U-Net submodule will serve as input to the next
U-Net submodule, and this chain of U-Nets forms the multi-U-Net
backbone of RaNAD. The reason behind this choice of chaining
U-Nets instead of increasing the depth of the encoder and decoder
within a single U-Net is twofold. First, down-sampling deep images
in RaNAD is achieved by discarding a selection of bins (see supple-
mental material). The multi-U-Net architecture allows alternating
between different dropout patterns, alleviating the possibility that
the model focuses on one selection of bins. Second, as we will discuss
next, cross-frame denoising of deep images requires efficient infor-
mation propagation not only spatially but also temporally, which
is facilitated by the multi-U-Net. Our ablation study shows that a
capacity-matched single-U-Net backbone can achieve slightly lower
error than the multi-U-Net, but extending the single-U-Net for a
practical spatiotemporal denoiser is less straightforward.

4.1.3  Reconstruction Module. To the far right of Figure 6 are recon-
struction modules for each denoised layer. Inspired by multi-scale
kernel-based denoisers [Bako et al. 2017; Vogels et al. 2018; Zhang
et al. 2024], our reconstruction module processes deep images at
multiple scales, but its denoising kernels are implicitly predicted
by RaNA operations. The reconstruction modules turn the shared
embeddings from the backbone into layer-specific denoising kernels
with different effective radii and numbers of scales.

Figure 7 shows the architecture of the reconstruction module.
The first stage performs RaNA-based down-sampling: we apply bin
dropout to create sparser queries, then use RaNA with these as
queries and full-resolution features as keys, paired with the noisy
layer as values. Recursive down-sampling with increasing radii
produces a pyramid of progressively blurred deep images.

SIGGRAPH Conference Papers 26, July 19-23, 2026, Los Angeles, CA, USA.
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Fig. 7. Four-scale reconstruction module. It receives per-bin embeddings
from the multi-U-Net backbone together with the noisy image layer, forms
progressively sparser multi-scale views, and combines the resulting per-scale
denoised outputs into the final layer.

The second stage performs per-scale denoising. We apply RaNA
with full-resolution features as queries and each scale’s features
and blurred images as key—value pairs, producing a sequence of
full-resolution images with different effective kernel sizes (see sup-
plemental material for per-scale visualization).

Finally, a scale mixer (FC layer with softmax) predicts per-bin mix-
ing weights to combine the per-scale results into the final denoised
layer. Each output layer uses a dedicated reconstruction module
with layer-specific configuration (number of scales, dropout rate,
neighborhood size).

4.2 Cross-Frame RaNAD

Denoising while considering neighbor frames in an image sequence
gives access to more information, which both helps with gathering
information on the underlying image content structure (e.g., borders,
corner points) in an image, and gathering samples to average over,
at no additional rendering cost in the offline rendering scenario.
Being able to access the same data as used to denoise neighbor
frames reduces temporal artifacts such as flickering and improves
the overall temporal stability of the result. Our cross-frame RaNAD
architecture is shown in Figure 8; detailed submodule diagrams
are provided in the supplemental material. Note that the input pro-
cessing module of the cross-frame RaNAD includes an additional
one-hot encoding of the frame ID, which is useful for identifying
the center frame from neighboring frames.

4.2.1 Motion compensation. Aligning the neighboring frame(s)
with the to-be-denoised center frame using motion vectors, a.k.a. mo-
tion compensation, is a typical step for cross-frame denoising to
maximize temporal reuse [Isik et al. 2021; Vogels et al. 2018; Zhang
et al. 2023]. Cross-frame RaNAD also benefits from motion compen-
sation, as shown to the left of Figure 8. Either per-pixel or per-bin
motion vectors can be used for this warping step, but per-bin motion
vectors, when supplied by the renderer, provide superior warping
accuracy over their per-pixel counterparts, thanks to accurate mo-
tion information at object boundaries and depth discontinuities. Our
final cross-frame RaNAD can be trained on a mixture of datasets
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where per-bin motion vectors are only available for a subset of
training images.

4.2.2  Frame-Parallel Multi-U-Net. At the core of the cross-frame
RaNAD is a frame-parallel multi-U-Net. The term “frame-parallel”
refers to the design where each frame is processed by a U-Net
independently, or practically, in parallel. The embeddings of the
frames then go through a temporal mix (T-Mix) module, which
consists of a RaNA block that attends only to each pixel’s temporal
neighborhood. Each U-Net in the multi-U-Net chain is followed by a
T-Mix module, enabling an alternation between spatial and temporal
information propagation. Compared to a canonical architecture that
concatenates all frames at the input stage [Vogels et al. 2018], this
alternating architecture greatly reduces the computation cost for
deep images with a high number of bins per pixel. Facilitated by the
multi-U-Net architecture, this optimization is crucial to alleviate the
performance challenges posed by the huge sizes of deep images and
the ragged data structure.

4.2.3 Spatiotemporal Reconstruction. The per-layer reconstruction
modules in cross-frame RaNAD, positioned to the right of Figure 8,
are also upgraded to incorporate neighboring frames. More specifi-
cally, we introduce an additional temporal reconstruction step pre-
ceding the spatial reconstruction submodule. The noisy images from
all frames are passed to the reconstruction module, along with the
learned embeddings. The reconstruction module first performs a
T-Mix-like operation to denoise each bin using only its temporal
neighborhood (bins at the same pixel location across frames). The
intermediate result, a “temporally denoised” version of the center
frame, is then further denoised by the spatial reconstruction sub-
module. The two-step approach also avoids the high computational
cost of directly processing the spatiotemporal neighborhood.

5 Implementation

We implement RaNAD in TensorFlow 2 [Abadi et al. 2015], with a
FlashAttention-2-inspired [Dao 2023] custom CUDA kernel for the
RaNA operator. Deep images are represented using TensorFlow’s
RaggedTensor [TensorFlow Authors 2025], flattened to dense value
tensors with cumulative bin count splits for efficient GPU access.
Full implementation details, including the CUDA forward/backward
passes, input transforms, and training losses, are provided in sup-
plemental material.

Table 1. Datasets for training and evaluating RaNAD. The column “Split”
denotes how many scenes are used for training and evaluation, respectively.
For single-frame RaNAD, the center frames from the three datasets are
used; for cross-frame RaNAD, all available frames are used as input (includ-
ing Dataset A2, which only contains center frames), and the metrics are
computed on the reconstructed center frames.

Dataset Type Split  Resolution Temporal Motion
Al Deep-Z  90+10 1920804 7 frames  Per-bin
A2 Deep-OID 90+10  1920x804 - -

B Deep-Z 90+9  1920x1080 3 frames Per-pixel

We train RaNAD on three datasets (Table 1) containing noisy
and reference deep images rendered with production-grade path
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an alternation of per-frame U-Nets and temporal mix modules. The final spatiotemporal reconstruction module converts the learned embeddings into the

denoised center-frame output.

tracers, with spp levels starting from 16. Datasets A1 and A2 are
rendered with Disney’s Hyperion renderer [Burley et al. 2018]; they
share the same scenes but use deep-Z and deep-OID formats, re-
spectively; Dataset A1l provides 7-frame temporal windows with
per-bin motion vectors. Dataset B, rendered with Pixar’s Render-
Man [Christensen et al. 2018], offers complementary deep-Z data
with 3-frame windows and per-pixel optical flow motion vectors. All
datasets were used to train both the single- and cross-frame RaNAD,
and the mixed-dataset training is enabled by our attention-based
architecture, which can naturally handle varying sizes of temporal
windows. Around 10% of scenes are held out for evaluation.

We train on a single NVIDIA RTX A6000 GPU using AdamW
[Loshchilov and Hutter 2019] with batch size 1 for approximately
1M iterations. A piecewise-constant learning rate schedule with
warm-up and staged decay is employed, combined with gradient
clipping and Ly regularization for training stability. Training losses
include SMAPE on individual bins for radiance layers, combined
with ILIP*, a training-friendly modification of ILIP [Andersson et al.
2020], on composited results. Hyperparameters and architecture
configurations are detailed in supplemental material.

6 Results

We evaluate RaNAD in terms of denoising quality and computation
cost, comparing against DACNN [Zhang et al. 2024] for deep-Z
denoising and production-quality flat denoisers [Afra 2023; Vogels
et al. 2018]. We demonstrate that RaNAD significantly outperforms
previous deep image denoisers while achieving competitive quality
with state-of-the-art flat denoisers when evaluated after flatten-
ing, and that RaNAD’s computation costs are practical for offline
rendering.

6.1 Baseline and Evaluation Setup

As listed in Table 1, we evaluate RaNAD on the test set comprising
19 production-quality scenes held out from training. We use the 3-D
depth-aware CNN (DACNN) [Zhang et al. 2024] as our baseline for
deep-Z denoising. Following the neural network setup and training
procedure described by Zhang et al. [2024], we trained a single-frame
DACNN on our deep-Z Dataset Al and obtained very similar results
to those reported by Zhang et al. [2024]. As DACNN requires depth
information to operate, we can only perform comparisons on deep-Z
images from Dataset Al. To evaluate the flat image denoising quality
of RaNAD (computed by flattening RaNAD’s denoised deep output),
we compare it with a state-of-the-art proprietary denoiser, termed
KPAL, which is a variant of the kernel-predicting CNN approach
[Vogels et al. 2018; Zhang et al. 2023]. KPAL features single- and
cross-frame versions, both of which are used in our comparisons.
KPAL denoisers were trained on flat noisy—clean image pairs, and
their training sets are more than five times larger than RaNAD’s in
terms of the number of scenes, since flat renderings are generally
more available and lighter in storage. Note that KPAL is only a
contextual flat denoising baseline because it cannot preserve the
deep image structure; OIDN [Afra 2023] provides supplemental
context for KPAL’s flat quality.

We employ SMAPE [Flores 1986], DSSIM (1-SSIM [Wang et al.
2004]), and ILIP [Andersson et al. 2020] as metrics, applying gamma-
2.2 tone mapping before computing the latter two.

6.2 Improvements on Still-Image Deep-Z Denoising

Previous deep image denoisers focus on processing static deep-Z im-
agery, where the neural DACNN method [Zhang et al. 2024] achieves
much higher denoising quality than the traditional method based on

SIGGRAPH Conference Papers "26, July 19-23, 2026, Los Angeles, CA, USA.
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Fig. 9. Still-image deep-Z denoising comparison between DACNN and RaNAD-1f. RaNAD-1f produces sharper details and fewer artifacts across various scene
types. Full results for all test scenes are available in the supplemental image viewer. © Disney
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Fig. 10. Single-frame flattened denoising comparison on Dataset AT.
RaNAD-1f significantly outperforms DACNN for deep-Z denoising and
achieves competitive flat denoising quality compared to KPAL-1f. Lower is
better. Additional metrics are in the supplemental.

NL-Means [Vicini et al. 2019]. In this category, our method signifi-
cantly outperforms the current state-of-the-art DACNN denoiser.
Based on our quantitative evaluation shown in Figure 10, our single-
frame RaNAD model achieves lower error than DACNN using deep
images rendered with half the path samples. When evaluated after
flattening, RaNAD attains quality competitive with high-quality flat
denoisers such as KPAL, while preserving the deep representation
needed for downstream compositing rather than denoising only the
composited flat result. Visually, RaNAD produces sharper details
and fewer artifacts than DACNN (Figure 9).

We also evaluate depth separation by progressively clipping fore-
ground or background bins. RaNAD achieves lower error than
DACNN at all bin-preservation percentages (see supplemental ma-
terial), further supporting its single-frame deep-Z denoising advan-
tage.

We also find that a capacity-matched single-U-Net is slightly
stronger for flattened single-frame evaluation: 3.6% lower SMAPE

SIGGRAPH Conference Papers "26, July 19-23, 2026, Los Angeles, CA, USA.

% _ ;ss.of-oso[‘.(i 433.54.2 .

g ! ’§ ’\ zls 3'23.53'0 30 28

2 ZIN IZIN 20N Wzl maw:

z . P R U VIS W
AN N TR
IR IR IR

16 32 64 128 129+

Fig. 11. Cross-frame flattened denoising comparison on Dataset AT.
Hatched bars indicate cross-frame versions. RaNAD processes deep im-
ages; flat metrics are computed on the flattened output. Lower is better.
Additional metrics are in the supplemental.

and 6.4% lower DSSIM on Dataset A1, and 1.3% lower SMAPE and
2.1% lower DSSIM on Dataset B (see supplemental material). How-
ever, extending it directly to spatiotemporal deep denoising would
increase computation and memory, as discussed in Section 4.1.2.

6.3 Cross-Frame Deep EXR Denoising

One of the main benefits of RaNAD compared to DACNN is its
ability to perform spatiotemporal denoising. Below, we provide
evidence on the importance of utilizing information from neighbor-
ing frames by showing the denoising quality improvements from
single-frame to cross-frame RaNAD. Besides, as there are no pre-
vious spatiotemporal denoisers for deep images to the best of our
knowledge, we compare cross-frame RaNAD (after flattening) and
cross-frame KPAL as contextual evidence.

Figure 11 summarizes the error metrics for the cross-frame meth-
ods on Dataset Al. Notably, RaNAD-cf improves significantly over
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RaNAD-1f in most scenes for all metrics we tested. The compari-
son between RaNAD-cf and KPAL-cf is similar to that between the
single-frame versions: RaNAD-cf shows comparable performance
to KPAL-cf, and on multiple scenes and SPPs it even outperforms
KPAL-cf. Notably, RaNAD-cf achieves error levels comparable to
RaNAD-1f at 2-4x higher sample counts. Visual comparisons for all
test scenes are available in the supplemental image viewer, and the
temporal stability comparison between RaNAD-1f and RaNAD-cf is
shown in the supplemental video with KPAL-cf provided as context.

6.4 Deep-ObjectID Denoising

RaNAD models are also capable of denoising deep-OID images,
as they were trained on both deep-Z and deep-OID data. Results
confirm that denoising either format produces nearly identical flat
metrics (see supplemental). Notably, deep-OID can separate objects
that are close in depth, and Figure 1 shows examples of this sepa-
ration being preserved. We do not include cross-frame deep-OID
denoising results due to data unavailability, though the RaNAD
architecture can ingest deep-OID frame sequences.

6.5 Computation Costs

Deep images pose significant challenges for denoisers’ computa-
tional efficiency, not only due to their ragged data structure but
also due to the significant increase in size now that each pixel can
hold multiple bins. On a machine with an AMD EPYC 7313P 16-
Core CPU, 48GiB RAM, and an NVIDIA GeForce RTX 3090 Ti GPU
(20 GiB VRAM), we evaluate RaNAD’s performance and show its
practicality within the context of high-quality offline rendering.

6.5.1 Denoising Timings. RaNAD’s execution time correlates with
the number of bins rather than pixels. On GPU, single-frame denois-
ing takes 15-150 s depending on bin count, while cross-frame with
a 7-frame window takes 190-515 s (3—4X slower); execution on the
CPU is 10-20 times slower on our test hardware (see supplemental
material). KPAL runs in seconds on GPU because dense images are
more GPU-friendly, despite comparable parameter counts: 15M/8M
for RaNAD-1f/RaNAD-cf vs. 16 M/9M for KPAL-1{f/KPAL-cf (cross-
frame models have fewer parameters due to the memory constraint
to process more frames). Compared to typical render times on the or-
der of hours, RaNAD’s speed remains practical for offline denoising
and compositing workflows.

6.5.2  Multi-Scale Reconstruction. Compared to single-scale recon-
struction with a large radius (R = 8.5), our multi-scale reconstruc-
tion module reduces computation cost by up to 20% while providing
slight quality benefits (see supplemental for ablation).

6.5.3 Denoising Arbitrary Output Variables. Kernel-based methods
enable efficient and stable denoising of arbitrary output variables
(AOVs) through kernel reuse. A typical use case for this is denoising
per-light outputs, where each AOV layer contains only contribution
from a certain light group; kernel reuse ensures that the denoised
AOVs would mathematically sum up to the denoised color layer. For
RaNAD models, denoising kernels are attention weights and are not
directly predicted, and kernel reuse means saving the embeddings
from the multi-U-Net backbone and rerunning the reconstruction
blocks for the AOVs. On a test example with 33 light groups, kernel

RaNAD-1f KPAL-1f Reference

Input (32spp)

DACNN

Fig. 12. Representative still-image hard case with residual noise. The crop
shows a challenging transparent foreground where many pixels contain
either no reliable foreground bin or only extremely noisy foreground bins.
RaNAD-1f improves over DACNN but can still leave residual noise because
few synergistic neighboring bins are available; KPAL-1f can reduce the
flattened appearance by blurring, but does not preserve the deep separation
needed for compositing. © Disney

reuse allows denoising all the AOVs in 46.3 seconds with single-
frame RaNAD, less than twice the cost of the primary denoising pass
(29.7 seconds) which produced the core network embeddings. De-
noising each AOV with a separate denoising pass would have taken
980.1 seconds instead—also without recombination consistency.

7 Limitations and Future Work

We acknowledge several limitations of our approach. First, despite
our regularization techniques, training can occasionally be unstable
due to the large range of deep image data values. Second, attention-
based down-sampling can produce subtle low-sample grid artifacts;
alternative deep-image resampling remains open (further discus-
sion in supplemental material). Third, while our trained models
can process volumetric effects (smoke, fire, fog), they show more
residual noise than flat denoisers on such content, as our training
data focuses on hard surfaces; extending RaNAD to volumetric deep
images with appropriate auxiliary features [Zhang et al. 2022] is a
natural direction for future work. Finally, highly noisy transparent
or particle-like foregrounds can leave residual artifacts in complex
depth structures (Figure 12). Adaptive sampling that balances sam-
ples across bins within a pixel could alleviate this issue.

Beyond addressing these limitations, we believe RaNA presents
opportunities for adapting other neural image processing methods
(e.g., frame interpolation, stylization) to deep images, where object
separation can help resolve boundaries.

8 Conclusion

We introduced the ragged neighborhood attention denoiser
(RaNAD) to tackle the problem of deep image denoising. RaNAD
uses the ragged neighborhood attention (RaNA) operator as the
building block, which is designed to gather information on semi-
structured deep images. Thanks to RaNA’s flexibility, RaNAD can
perform multi-scale feature embedding and reconstruction, and can
be easily extended to process information from neighboring frames.
Experiments on production-quality data showed that, compared to
previous state of the art in deep image denoising, RaNAD improves
denoising quality substantially while preserving the deep image
structure. It also supports both deep-Z and deep-OID images, ex-
tends naturally to cross-frame denoising, and remains competitive

SIGGRAPH Conference Papers 26, July 19-23, 2026, Los Angeles, CA, USA.
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with strong flat-image denoisers after flattening. We believe that
RaNAD greatly enhances the practicality of deep compositing in
offline production, and the RaNA operator opens doors for adapt-
ing other neural image processing techniques to work with deep
images.
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