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A B S T R A C T

We investigate the use of wavelet-space feature decomposition in neural super-resolution for rendering
pipelines. Building on recent neural upscaling frameworks, we introduce a formulation that predicts
stationary wavelet coefficients rather than directly regressing RGB values. This frequency-aware
decomposition separates low- and high-frequency components, enabling sharper texture recovery
and reducing blur in challenging regions. Unlike conventional wavelet transforms, our use of the
stationary wavelet transform (SWT) preserves spatial alignment across subbands, allowing the
network to integrate G-buffer attributes and temporally warped history frames in a shift-invariant
manner. The predicted coefficients are recombined through inverse wavelet synthesis, producing
resolution-consistent reconstructions across arbitrary scale factors. We conduct extensive evaluations
and ablations, showing that incorporating SWT yields superior perceptual quality compared to
industry baselines, while maintaining real-time performance on modern hardware. Taken together,
our results suggest that wavelet-domain neural super-resolution provides a principled and efficient
path toward higher-quality real-time rendering, with broader implications for neural rendering and
graphics applications.

1. Introduction
The demand for high-resolution graphics at real-time

frame rates continues to push modern rendering pipelines to
their computational limits. Physically based shading and ray
tracing greatly improve realism but are often too expensive
to run at native resolutions. Image-space super-resolution
has therefore become an essential component of real-time
graphics systems: frames are rendered at lower resolution
and then reconstructed to display resolution, trading compu-
tation for learned upscaling.

Neural approaches have shown strong potential in this
space. Methods such as NSRR [12], FuseSR [16] and
DFASR [14] combine low-resolution shading with auxiliary
scene information such as G-buffers and motion vectors to
reconstruct temporally coherent images. We adopt DFASR
as a representative rendering-aware baseline because it sup-
ports arbitrary-scale reconstruction and exposes a modular
pipeline, enabling controlled changes to the prediction target
without altering the overall system design.

Despite these architectural advances, existing methods
typically regress final pixel values directly in the spatial RGB
or irradiance domain. This direct spatial regression forces
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the network to simultaneously predict broad, low-frequency
lighting gradients and sharp, high-frequency structural de-
tails within the same output space. The resulting spectral
mixing often forces the network to compromise, leading to
over-smoothed textures, loss of fine specular highlights, or
residual blurring in highly detailed regions.

To address this limitation, we propose a frequency-aware
wavelet-domain formulation for neural super-resolution tai-
lored to real-time rendering pipelines. Rather than directly
predicting RGB intensities, our model regresses wavelet
coefficients that explicitly separate and encode localized
multi-scale detail, improving high-frequency recovery and
reducing blur in textured regions. We employ the stationary
wavelet transform (SWT) and embed inverse wavelet syn-
thesis into the network for end-to-end training. The resulting
architecture retains arbitrary-scale upscaling while reformu-
lating the output space to wavelet coefficients for reconstruc-
tion. While absolute performance depends on hardware, our
formulation provides a practical path toward higher-fidelity
reconstruction within real-time rendering constraints.

2. Related Work
This section surveys prior work most relevant to our set-

ting. We begin with neural super-resolution for real-time ren-
dering, focusing on methods that leverage engine metadata,
high-resolution G-buffers, and coordinate-based predictors.
We then review wavelet-based super-resolution, contrasting
discrete and stationary transforms and common strategies
that supervise in coefficient and image space. Finally, we
summarize Bidirectional Reflectance Distribution Function
(BRDF) demodulation and evaluation protocols, including
perceptual metrics, which frame our experimental design
and analysis.
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2.1. Neural Super-Resolution for Rendering
Early neural approaches to real-time upsampling com-

bine low-resolution (LR) shading with engine metadata
(e.g., depth and motion vectors) and temporal models to
reconstruct high-resolution (HR) frames. NSRR [12] exem-
plifies this direction, achieving temporally coherent upsam-
pling using dense motion and depth cues, but such methods
remain constrained by the information content of the LR
input and typically operate at fixed scale factors.

In parallel, industry systems such as NVIDIA Deep
Learning Super Sampling (DLSS) [6] integrate neural recon-
struction into the rendering pipeline by leveraging tempo-
ral history and engine-provided signals to produce display-
resolution output. Later research further incorporates high-
resolution G-buffers to inject geometry and materialaware
detail efficiently; FuseSR [16] uses multi-resolution fusion
to align LR color with HR buffers for temporally consistent
4× and 8× upsampling, though it remains tied to discrete
scales and accurate multi-resolution alignment. ExtraNet [3]
instead targets latency by extrapolating future frames using
motion cues and HR buffers.

DFASR [14] advances arbitrary-scale reconstruction via
a Fourier-mapped implicit representation that predicts pixel
values at requested coordinates while exploiting auxiliary
modules for robustness. We adopt DFASR as the reference
framework because it is a representative rendering-aware
architecture that supports arbitrary-scale reconstruction and
explicitly incorporates high-resolution G-buffers and tempo-
ral information. Its modular design allows us to isolate the
impact of replacing RGB regression with wavelet-domain
coefficient prediction.

Beyond spatial super-resolution, deep learning has also
revolutionized reconstruction for real-time ray tracing. [1]
proposed recurrent autoencoders for interactive denoising
of Monte Carlo sequences, [7] introduced neural radi-
ance caching to accelerate path tracing. Similarly, ReSTIR
GI [10] employs resampling techniques to handle sparse
lighting signals. While these methods share the broader goal
of reconstructing high-fidelity imagery from sparse data,
they primarily focus on denoising Monte Carlo samples
rather than the arbitrary-scale spatial upscaling of rasterized
buffers targeted by our framework.

2.2. Wavelet-based Super-Resolution
Wavelet-based super-resolution represents images using

multi-resolution subbands, separating coarse structure from
high-frequency detail. Early Convolutional Neural Network
(CNN) approaches such as Deep Wavelet Prediction regress
wavelet subband coefficients and reconstruct the output
via inverse synthesis, demonstrating improved recovery
of high-frequency components compared to direct RGB
regression [4]. Subsequent works integrate wavelet analy-
sis and synthesis operations into convolutional backbones,
reporting consistent gains across image super-resolution
benchmarks [13].

Two commonly used transforms are the discrete wavelet
transform (DWT) and the stationary wavelet transform

(SWT): DWT is computationally efficient, while SWT avoids
decimation and produces subbands at the same spatial
resolution at higher memory and compute cost [2]. Most
wavelet-SR methods use single-level decompositions and
may supervise both coefficient and image space to stabilize
training, typically using orthogonal families such as Haar
(db1) and Daubechies [4, 13]. In parallel, arbitrary-scale
reconstruction has also been explored with Fourier-feature
implicit neural representations (INRs), which rely on glob-
ally supported sinusoidal bases and can be sensitive to phase
under small shifts. Wavelet coefficients instead provide a
localized multi-scale representation that is well matched
to rendered imagery, where high-frequency effects (e.g.,
specular highlights and shadow boundaries) are spatially
confined and closely tied to per-pixel auxiliary signals such
as G-buffers and temporally warped history. This motivates
exploring wavelet-domain prediction as an alternative output
representation for rendering-aware super-resolution.

2.3. BRDFs and Evaluation Metrics
Radiance demodulation is commonly used in rendering-

aware super-resolution to decouple illumination from material-
dependent reflectance prior to neural reconstruction. Super-
resolution is applied to the demodulated lighting signal and
the output is re-modulated with high-resolution material
information, enabling the network to focus on smoother
signals while preserving sharp textures and temporal coher-
ence [5]. Related work employs BRDF-aware formulations
and high-resolution G-buffers to stabilize reconstruction
under view-dependent effects and improve upsampling qual-
ity at higher scales [17, 16]. Rendering-oriented methods
such as DFASR combine these ideas with arbitrary-scale
reconstruction and temporal masking within the rendering
pipeline [14].

For evaluation, most real-time super-resolution methods
report PSNR and SSIM, with LPIPS increasingly used to
better reflect perceptual quality [15]. As metrics in linear
High Dynamic Range (HDR) space are less standardized
for real-time rendering, many works including ours evaluate
quantitative results and qualitative comparisons on tone-
mapped outputs to reflect display-relevant visual quality.

3. Method
Our framework extends recent rendering-aware neural

super-resolution models by shifting the prediction domain
from RGB pixels to wavelet coefficients. While our ar-
chitecture follows the general coordinate-based design of
DFASR [14], our key distinction lies in formulating super-
resolution as a wavelet reconstruction task. By predicting
frequency-aware subbands and reconstructing through the
stationary wavelet transform (SWT), we preserve spatial
resolution across coefficients and improve recovery of fine
detail. The following subsections introduce the problem
setup, data preprocessing pipeline, and network architecture,
culminating in our integration of wavelet-domain recon-
struction.
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3.1. Overview
Our method formulates real-time super-resolution as

a wavelet-domain reconstruction problem. The goal is to
recover a high-resolution frame 𝐼̂𝐻𝑅 from a combination
of low-resolution shading, multi-resolution G-buffers, and
temporal history. We denote the overall process as

𝐼̂𝐻𝑅
𝑡 = SR(𝐼𝐿𝑅𝑡 , 𝐺𝐿𝑅

𝑡 , 𝐺𝐻𝑅
𝑡 , 𝐼𝐻𝑅

𝑡−1 , 𝐺
𝐻𝑅
𝑡−1 ,𝑀𝑉𝑡, 𝐹 ),

where 𝐼𝐿𝑅𝑡 is the current low-resolution frame, 𝐺𝐿𝑅
𝑡 and

𝐺𝐻𝑅
𝑡 are the low- and high-resolution G-buffers, 𝐼𝐻𝑅

𝑡−1 is
the previous high-resolution frame, 𝐺𝐻𝑅

𝑡−1 its corresponding
G-buffers, 𝑀𝑉𝑡 the motion vectors, and 𝐹 the material
reflectance information. This compact formulation captures
the pipeline-level data flow, while the details of each com-
ponent are discussed in later subsections.

Unlike prior approaches that directly regress RGB val-
ues, our network predicts a wavelet representation of the
target frame. Specifically, it estimates subband coefficients
𝑊̂ = {𝐶̂𝐿𝐿, 𝐶̂𝐿𝐻 , 𝐶̂𝐻𝐿, 𝐶̂𝐻𝐻}, which are subsequently
combined through an inverse stationary wavelet transform:

𝐼̂𝐻𝑅
𝑡 = −1(𝑊̂ ).

This shift to the frequency domain is particularly well-
suited for rendering data: low-frequency lighting and high-
frequency material details are naturally separated across
subbands, making it easier for the network to reconstruct fine
edges, specular highlights, and shading-dependent detail.
The result is an upscaling pipeline that aligns more closely
with the underlying rendering process while improving fi-
delity at larger scaling factors.

3.2. Wavelet-Space Formulation
We cast super resolution as prediction in the wavelet

domain rather than RGB space. Let 𝜏,𝑏 denote a single-
level 2D wavelet analysis operator with transform type 𝜏 ∈
{DWT,SWT} and orthogonal basis 𝑏 (for example, Haar,
DB4, Sym4). For a target high-resolution image 𝐼𝐻𝑅

𝑡 ∈
ℝ(𝑠𝐻)×(𝑠𝑊 )×3, the corresponding subbands are

𝑊𝑡 ≜
{

𝐶𝐿𝐿, 𝐶𝐿𝐻 , 𝐶𝐻𝐿, 𝐶𝐻𝐻
}

= 𝜏,𝑏
(

𝐼𝐻𝑅
𝑡

)

,

where 𝑠 is the requested scale factor. The network predicts
𝑊𝑡 = {𝐶𝐿𝐿, 𝐶𝐿𝐻 , 𝐶𝐻𝐿, 𝐶𝐻𝐻} directly, and the output
image is obtained by inverse synthesis,

𝐼𝐻𝑅
𝑡 = −1

𝜏,𝑏

(

𝑊𝑡

)

.

We use a single level of decomposition, which balances
frequency separation against runtime. Each color channel
is decomposed into four subbands, hence twelve coefficient
maps in total. For SWT, subbands preserve spatial size, that
is 𝐶∗ ∈ ℝ(𝑠𝐻)×(𝑠𝑊 )×3, which simplifies alignment across
branches and avoids resolution loss inside the network. For
DWT, subbands are decimated, so we store them in a space-
to-depth layout that is convolution friendly and later recover
spatial layout with a pixel shuffle prior to inverse synthesis.

Figure 1: Single-level wavelet decomposition of an RGB image
into 𝐿𝐿, 𝐿𝐻 , 𝐻𝐻 , and 𝐻𝐿 subbands per channel. Our
network predicts these subbands directly, then applies −1

𝜏,𝑏 to

reconstruct 𝐼𝐻𝑅
𝑡 .

The inverse wavelet transform is implemented inside the
computational graph so gradients flow through −1

𝜏,𝑏 during
training.

We employ the stationary wavelet transform (SWT) as
the default decomposition in our framework due to its shift-
invariant formulation and preservation of spatial resolution
across subbands. Unlike decimated transforms, SWT avoids
downsampling during analysis, ensuring that all wavelet
coefficients are defined on the same spatial grid as the
input. This property is particularly important in rendering
pipelines, where small spatial shifts arising from repro-
jection, motion compensation, or G-buffer alignment can
otherwise lead to inconsistent coefficient responses across
frames and auxiliary signals. The absence of decimation en-
ables more stable coefficient prediction and simplifies fusion
with per-pixel metadata at the cost of a modest increase in
computation due to non-decimated filtering.

SWT also requires careful boundary handling. To sup-
press minor edge artifacts from the learned filters and padded
convolutions, we crop a one-pixel border when computing
losses during training for SWT configurations. The wavelet
basis 𝑏 is treated as a runtime parameter, allowing the
use of orthogonal families such as Haar, DB4, or Sym4,
while keeping the overall pipeline unchanged. The effect of
basis choice and related parameters is analyzed separately in
Section 4.4.

3.3. Data Preprocessing and Input Construction
To align super-resolution with the rendering process, our

model operates in irradiance space, where shaded images
are factorized into BRDF and irradiance components. This
decomposition allows the network to focus on reconstruct-
ing lighting variation separately from view- and material-
dependent reflectance. A low-resolution frame 𝐼𝐿𝑅𝑡 is de-
modulated using its per-pixel BRDF term 𝐹𝐿𝑅

𝑡 :

𝐿𝐿𝑅
𝑡 =

𝐼𝐿𝑅𝑡

𝐹𝐿𝑅
𝑡

,
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Without Clamping With Clamping Ground Truth

Figure 2: Visual impact of temporal clamping. In dynamic
scenes, disocclusion events can cause the warped history to
contain invalid data, leading to ghosting artifacts (Left). By
clamping the reprojected history to the neighborhood of the
current frame (Middle), we suppress these outliers and restore
a clean reconstruction that matches the Ground Truth (Right).

where 𝐿𝐿𝑅
𝑡 denotes the demodulated irradiance. The net-

work then predicts the high-resolution irradiance 𝐿̂𝐻𝑅
𝑡 :

𝐿̂𝐻𝑅
𝑡 = 

(

𝐿𝐿𝑅
𝑡 , 𝐺𝐻𝑅

𝑡 , 𝑊 𝑎𝑟𝑝(𝐿𝐻𝑅
𝑡−1 ), Φ

)

,

with  denoting our wavelet-based reconstruction model.
Here 𝐺𝐻𝑅

𝑡 is the high-resolution G-buffers, 𝑊 𝑎𝑟𝑝(⋅) is
temporal reprojection of the previous irradiance frame using
motion vectors 𝑀𝑉𝑡. Φ = {Φspat,Φtemp} are spatial and
temporal masks as introduced in [14].

To mitigate ghosting and accumulation errors during
reprojection, we apply a lightweight neighborhood clamping
operation. The warped history is constrained to the value
range of the local 5 × 5 neighborhood of the upsampled cur-
rent frame (expanded by a small tolerance 𝜖 = 0.025). This
ensures that reprojected history remains consistent with the
current scene geometry before entering the feature extractor,
as demonstrated in Fig. 2.

The G-buffers contain albedo (𝐴), normals (𝑁), depth
(𝐷), roughness (𝑅), and metallic (𝑀), from which per-
pixel BRDF factors (𝐹 = {𝐹𝐿𝑅

𝑡 , 𝐹𝐻𝑅
𝑡 , 𝐹𝐻𝑅

𝑡−1 }) are derived.
After super-resolution, the final shaded output is obtained by
remodulation:

𝐼̂𝐻𝑅
𝑡 = 𝐹𝐻𝑅

𝑡 ⋅ 𝐿̂𝐻𝑅
𝑡 ,

which restores view- and lighting-dependent effects. This
formulation shifts the network’s focus toward reconstructing
frequency content in irradiance space, while high-resolution
geometric cues from 𝐺𝑡 ensure accurate remodulation in the
final image.

3.4. Network Architecture
Our model adapts the DFASR backbone but shifts the

output space to wavelet coefficients. As shown in Fig. 4,
the network processes inputs through dedicated feature ex-
tractors, and combines them via a feature fusion path and
a Fourier-mapped INR branch. The combined output is
reconstructed into the final image using the inverse wavelet
transform.

Rendered Frame BRDF Irradiance

Figure 3: Illustration of BRDF demodulation. The shaded
frame is factorized into BRDF and irradiance. This separation
shifts the network’s learning focus to low-frequency lighting
while high-frequency reflectance patterns are reapplied during
remodulation.

3.4.1. Feature Extractors
Our model employs three dedicated feature extractors

tailored to the input modalities: a low-resolution frame ex-
tractor (LR-FE), a high-resolution G-buffer extractor (GB-
FE), and a temporal extractor (T-FE). Prior to the feature
extraction stage, we apply pixel unshuffle (space-to-depth) to
the low-resolution, demodulated input. This rearranges sam-
ples without interpolation by trading spatial resolution for
channel capacity, transforming the tensor from (𝐻,𝑊 ,𝐶)
to (𝐻∕2,𝑊 ∕2, 4𝐶).

The LR-FE processes the pixel-unshuffled, demodulated
low-resolution input frame 𝐼𝐿𝑅𝑡 , using a stack of 3×3 convo-
lutions to produce a feature map later routed to both fusion
and INR pathways. The GB-FE encodes the high-resolution
G-buffers 𝐺𝐻𝑅

𝑡 through Residual-in-Residual (RIR) blocks,
extracting geometry- and material-aware information such
as depth and surface orientation at display resolution. The
T-FE receives the warped previous frame Warp(𝐼𝐻𝑅

𝑡−1 ,𝑀𝑉𝑡)
together with temporal masks, and is implemented with
lightweight gated convolutions (LWGC) to balance motion
sensitivity and efficiency.

Together, these extractors provide complementary sig-
nals: LR features represent coarse appearance, HR G-buffers
supply high-frequency geometric guidance, and temporal
features capture frame-to-frame coherence. Their outputs
serve as the basis for subsequent fusion and wavelet-domain
reconstruction. Finally, after coefficient prediction, we apply
pixel shuffle (depth-to-space) to restore the spatial layout
prior to the inverse wavelet synthesis, providing an efficient
resolution recovery step without interpolation.

3.4.2. Feature Fusion
The feature fusion module aggregates information from

three complementary sources: low-resolution frame fea-
tures, high-resolution G-buffer features, and temporally
aligned features from the previous frame. This combined
representation captures both spatial and geometric context,
providing the structural backbone of the reconstruction.
The fusion branch is responsible for generating the coarse
wavelet-domain prediction, while the implicit neural repre-
sentation (INR) branch contributes finer local corrections.
Their outputs are combined element-wise to form the final
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Figure 4: Overview of our network architecture. The model consists of three feature extractors (for LR frames, HR G-buffers, and
temporal inputs), a convolutional fusion branch, and an implicit neural representation (INR) branch with Fourier feature mapping.
Their outputs are combined in the wavelet domain and reconstructed into the final image via inverse wavelet transform and pixel
shuffle. Convolutional blocks are 3× 3 with padding 1, except the RIR-blocks which consist of 1× 1 expand/reduce layers with an
inner 3 × 3 convolution.

set of predicted wavelet coefficients, which are later synthe-
sized into the high-resolution image.

3.4.3. Implicit Neural Representation (INR)
To support arbitrary-scale super-resolution while en-

hancing localized high-frequency detail, we employ a coordinate-
based Implicit Neural Representation (INR) branch. Prior
works such as DFASR [14] demonstrated the effectiveness
of Fourier-mapped INRs for rendering-aware upscaling.
Building on this idea, we adapt the design to predict wavelet-
domain features rather than RGB pixels, which provides
finer frequency separation and improved detail recovery.

For each HR pixel coordinate 𝑥, we compute a Fourier
embedding

 (𝑥) = 𝐴(𝑥) ⋅
[

cos(𝜋⟨𝐹 (𝑥), 𝑥⟩ + 𝜙(𝑥))
sin(𝜋⟨𝐹 (𝑥), 𝑥⟩ + 𝜙(𝑥))

]

,

where 𝐴(𝑥) is an amplitude term derived from LR features,
𝐹 (𝑥) is a frequency term guided by HR G-buffer features,
and 𝜙(𝑥) is a spatial phase offset. These embeddings are
passed through a lightweight multi-layer perceptron (MLP),
producing predictions in wavelet space.

The INR complements the fusion module by injecting
coordinate-aware, high-frequency corrections. Their outputs
are combined element-wise to form the final set of predicted
coefficients. Together, the two branches balance structural
fidelity with detail sharpness, while the continuous INR
mapping enables reconstructions at arbitrary scale factors.

3.4.4. Reconstruction
The final reconstruction stage aggregates the outputs

from the feature fusion and INR branches, which are element-
wise combined to form the estimated wavelet coefficients.
These coefficients are subsequently passed through a recon-
struction layer consisting of a lightweight convolution and a
single-level inverse wavelet transform (IWT), following the
formulation already introduced in Sec. 3.2. This yields the
super-resolved output image.

Our implementation supports configurable reconstruc-
tion settings: the wavelet basis can be selected at runtime
(e.g., Haar, Daubechies), and both discrete (DWT) and sta-
tionary (SWT) variants are available. By default, the recon-
struction is performed with a single-level discrete transform,
but the flexibility of our framework allows controlled exper-
imentation with different bases and transform types.

The resulting output is produced in HDR linear space.
For visualization purposes, we apply tonemapping during
evaluation, but training and inference operate directly in the
HDR domain to preserve photometric consistency.

3.4.5. Loss Functions
Training is guided by a composite objective that balances

fidelity in both the image and wavelet domains. We combine
(i) an 𝓁1 loss on predicted wavelet coefficients, (ii) an 𝓁1
reconstruction loss in image space, (iii) perceptual similarity
terms using SSIM and LPIPS, and (iv) spatial mask and
temporal consistency losses following DFASR [14]. The

: Page 5 of 12



Wavelet-Space Super-Resolution

total loss is

𝑡𝑜𝑡𝑎𝑙 = 𝜆𝑤𝑤𝑎𝑣𝑒𝑙𝑒𝑡𝐿1 + 𝜆𝑖𝑖𝑚𝑎𝑔𝑒𝐿1 + 𝜆𝑠𝑆𝑆𝐼𝑀

+ 𝜆𝑝𝐿𝑃𝐼𝑃𝑆 + 𝜆𝑚𝑚𝑎𝑠𝑘 + 𝜆𝑡𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙

where the weighting coefficients are set to 𝜆𝑤 = 0.1 for
wavelet consistency, 𝜆𝑖 = 1.0 for spatial reconstruction,
𝜆𝑠 = 0.4 for structural similarity, 𝜆𝑝 = 0.2 for perceptual
alignment (LPIPS), 𝜆𝑚 = 0.1 for mask regularization, and
𝜆𝑡 = 0.3 to enforce temporal coherence. This formulation
enforces accuracy across spectral, perceptual, and temporal
dimensions, ensuring stable reconstructions under real-time
rendering conditions.

4. Results
4.1. Evaluation Setup

We evaluate our method on a custom Unreal Engine
4.27 dataset comprising diverse indoor and outdoor con-
tent, including urban environments, industrial interiors, and
stylized game assets. The dataset contains approximately
3700 training frames, 700 validation frames, and 1000
test frames, sampled from seven distinct scenes (Table 1).
For each frame, we render a high-resolution (HR) target
at 1920×1080 together with the corresponding HR G-
buffers and auxiliary signals required by our pipeline. Low-
resolution (LR) inputs are generated by nearest-neighbor
downsampling at random scales between 2.0× and 4.0× dur-
ing training, enabling arbitrary-scale inference at test time.
Data extraction is performed using a custom Unreal Engine
plugin adapted and extended from the ExtraNet engine
modification [3], which automates synchronized capture of
shading outputs and auxiliary buffers across scenes and
sequences. To support reproducibility, we publicly release
both the implementation (including the capture plugin) and
the captured dataset (scene sequences and exported buffers),
enabling reproduction of the results reported in this paper
and facilitating future research.

The dataset spans a wide range of visual characteristics,
covering both stylized environments (e.g., Eastern Village,
Brass City) and heavily photorealistic settings (e.g., Aban-
doned Factory, City Park, Factory Interior, Slay, Down-
town West). These assets contain heterogeneous materials
and varying degrees of geometric complexity. For instance,
while Downtown Alley features relatively simple textures
and planar geometry, scenes like City Park and Down-
town West introduce substantial high-frequency structural
details through dense foliage and thin props. Lighting also
varies from strong outdoor sunlight with sharp shadows to
mixed indoor or artificial illumination with heavy occlusion.
Furthermore, environments such as Factory Interior and
Brass City were explicitly chosen to test the reconstruction
of complex metallic surfaces and view-dependent specular
highlights. This overall diversity is intended to rigorously
evaluate the network’s robustness across both scene compo-
sition and lighting complexity.

Table 1
Dataset composition with train/validation/test split for each
scene. Training data are collected from short video sequences
(185 frames per sequence) to support temporal evaluation.
All frames are rendered at 1920×1080 with HR G-buffers and
downsampled to form LR inputs.

Scene Train Val Test
Eastern Village 555 100 285
Abandoned Factory 740 100 0
Brass City 740 100 0
City Park 740 100 0
Factory Interior 555 100 185
Slay 370 100 185
Downtown Alley 0 100 185
Downtown West 0 0 285
Total 3700 700 1000

4.2. Quantitative Comparison
We compare our proposed wavelet-space super-resolution

framework against three representative baselines: (i) classi-
cal interpolation (Bicubic), (ii) general-purpose image SR
(Real-ESRGAN [11]), and (iii) rendering-oriented neural
SR (DFASR [14]). Evaluation is conducted at 3× upscaling,
reporting PSNR, SSIM, and LPIPS, as summarized in
Table 2.

Bicubic serves as a simple baseline but produces heavily
smoothed images that lack high-frequency recovery. Real-
ESRGAN produces sharper outputs than Bicubic, but its
natural-image prior is not optimized for rendered content and
can introduce texture details that are inconsistent with scene
geometry. In contrast, rendering-aware approaches (DFASR
and our method) leverage G-buffers and BRDF demodula-
tion to produce sharper and more robust reconstructions.

Table 3 reports the performance of different wavelet con-
figurations at 3× upscaling, averaged across test scenes. Our
best-performing variant, SWT with DB4 wavelet, achieves
the highest PSNR and SSIM and the lowest LPIPS among
the tested configurations. Compared to the “No Wavelet”
baseline, it improves PSNR by 1.5 dB and reduces LPIPS
by an absolute 0.022 on average. While SWT–DB4 in-
curs slightly higher runtime cost than DWT variants (see
Section 4.6), it provides the best overall trade-off between
reconstruction quality and efficiency in our experiments.

We report Peak Signal-to-Noise Ratio (PSNR), Struc-
tural Similarity Index (SSIM), and Learned Perceptual Im-
age Patch Similarity (LPIPS) [15]. PSNR and SSIM are
computed in normalized HDR space with gamma correc-
tion and clipping. LPIPS is computed using AlexNet for
training monitoring and VGG for final reporting. Metrics
are averaged across scales of 2×, 3×, and 4× for each test
scene. At 4× upscaling, absolute PSNR and SSIM decrease
across all methods, reflecting the difficulty of extreme mag-
nification. Table 4 details the performance at this aggressive
scaling factor. While numerical fidelity drops, our SWT-
based model maintains lower LPIPS than DFASR. Figure 6
visually corroborates this stability, showing that our method
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Table 2
Comparison with Bicubic, Real-ESRGAN, and DFASR on test scenes (3× upscaling). Best results in bold. Our SWT DB4
configuration consistently achieves the best performance.

Method Eastern Village Downtown Alley Downtown West

PSNR↑ LPIPS↓ SSIM↑ PSNR↑ LPIPS↓ SSIM↑ PSNR↑ LPIPS↓ SSIM↑

Bicubic 23.9 0.352 0.760 30.5 0.326 0.837 23.5 0.420 0.678
Real-ESRGAN 24.7 0.305 0.760 30.1 0.251 0.825 24.4 0.326 0.678

DFASR 28.2 0.180 0.850 32.5 0.152 0.903 26.7 0.250 0.763
SWT DB4 (Ours) 29.7 0.115 0.888 36.8 0.059 0.960 28.5 0.144 0.872

Table 3
Quantitative comparison of methods (3x upscaling). Best
results in bold.

Method PSNR↑ LPIPS↓ SSIM↑

No Wavelet 28.9 0.136 0.897
DWT Haar 29.4 0.124 0.905
SWT Haar 29.7 0.117 0.912
SWT DB4 30.4 0.114 0.920

Table 4
Quantitative results on the Slay scene for 2× and 4× upscaling.
Comparing the degradation from 2× to 4×, our method exhibits
a smaller relative drop in PSNR and SSIM than DFASR,
indicating improved stability at higher scaling factors.

Configuration PSNR ↑ LPIPS ↓ SSIM ↑

DFASR 2x 29.25 0.211 0.875
DFASR 4x 27.90 0.249 0.852

Our 2x 32.05 0.181 0.904
Our 4x 31.43 0.192 0.895

avoids the structural collapse often seen in baselines at low
input resolutions.

Furthermore, as a preliminary quantitative assessment
of temporal stability, we evaluated the Video Multi-Method
Assessment Fusion (VMAF)[8] metric on select scenes. Our
method achieves scores of 97.23 on the Abandoned Factory
sequence and 78.80 on the Eastern Village sequence, indi-
cating reasonable temporal coherence. While these initial
results are encouraging, a more comprehensive analysis of
temporal stability under highly complex motion profiles and
varying frame rates remains necessary to fully characterize
long-term performance.

All models are trained end-to-end with a patch size of
432 × 432 and batch size of 8. Evaluations are performed
on full-resolution frames to ensure fidelity across the entire
image.

4.3. Qualitative Comparison
While quantitative metrics such as PSNR, SSIM, and

LPIPS provide useful averages, they do not always capture

perceptual differences. We therefore present visual compar-
isons against key baselines, focusing on regions with fine
textures, sharp edges, and high-frequency structures.

Classical interpolation (Bicubic) produces overly smoothed
reconstructions with little recovery of fine detail, while Real-
ESRGAN [11] generates sharper results but still leaves high-
frequency textures blurry and occasionally hallucinates pat-
terns inconsistent with geometry. Rendering-aware methods
show clearer advantages: the no-wavelet baseline (NoWave)
and DFASR preserves overall structure and decent sharpness
but often introduces ringing or residual blur. Our SWT-
based model provides modest but consistent improvements
in edge clarity and texture fidelity, particularly in repeated
patterns, foliage, and diagonal structures. As shown in
Figure 5, SWT restores edges more faithfully than both
DFASR and NoWave, and in several scenes demonstrates
improved color fidelity and reduced errors, resulting in more
visually consistent reconstruction.

These visual observations align with the quantitative
trends, indicating that the wavelet-space formulation pro-
vides a small but reliable improvement in high-frequency
detail reconstruction.

4.4. Ablation Study
To better understand the contributions of different design

choices, we group ablations into two categories: wavelet
formulation and architectural/training variants. All results
are reported at 2× upscaling on tone-mapped outputs.

Wavelet formulation. We compare discrete wavelet trans-
form (DWT) against stationary wavelet transform (SWT),
and evaluate different wavelet bases. This isolates the effect
of transform type and basis on reconstruction quality.

Multi-level decomposition. To investigate whether deeper
frequency analysis yields better reconstruction, we evaluated
a 2-level stationary wavelet transform (SWT2L) using the
Haar basis. As shown in Table 6, the 2-level variant achieves
a PSNR of 30.2 dB, offering a modest gain of 0.3 dB
over the single-level SWT-Haar (29.9 dB). However, this
improvement comes with a disproportionate computational
penalty. As detailed in Section 4.6, the redundancy of the
SWT means that adding a second level significantly expands
the memory footprint and compute load. Since the primary
goal of our framework is real-time rendering, the substantial
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Figure 5: Upscaling results on multiple scenes using NoWave, DFASR [14], and our SWT model. The first scene (Eastern Village)
demonstrates that our SWT model recovers sharper details on the head region, where specular highlights are preserved more
faithfully compared to DFASR. In the second scene (Downtown West), our method produces clearer structures on the pillars and
achieves more accurate color reconstruction, while also maintaining sharper edges in fine elements such as tables. The third scene
(Factory) highlights the advantage of SWT in handling challenging color regions, where our model more reliably reconstructs white
surfaces that NoWave tends to degrade. Overall, SWT consistently preserves edges and fine details better than the baselines,
producing sharper, cleaner, and more realistic outputs across both 2× (first two scenes) and 3× (third scene) upscaling.

Figure 6: Visual consistency of our method across 2×, 3×, and 4× upscaling factors compared to the Low Resolution (LR) input
and Ground Truth (GT) on the Slay scene. The top row highlights the reconstruction of shadowed geometry (foot), while the
bottom row demonstrates the recovery of high-frequency specular details (shoulder armor). While a natural reduction in fine
detail is observed at 4× due to the limited input information, our method maintains structural coherence and correct geometry,
avoiding the severe artifacts or shape collapse typically seen at high scaling factors.

latency increase of multi-level decomposition outweighs the
marginal quality gains, leading us to adopt the single-level
formulation for our final model.

Architectural and training variants. We further investi-
gate alternative network designs: (1) Fusion→LL, INR→

others (SWT–Haar) restricts the fusion path to predict the
low-frequency LL subband, while the INR predicts the high-
frequency subbands (LH, HL, HH). (2) Multi-INR (DWT
–Haar) assigns a separate INR branch to each subband
instead of a shared INR, testing whether coefficient-wise
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Figure 7: PSNR comparison of ablation configurations at 2×
upscaling. Values correspond to Table 5. We plot PSNR only
for clarity, as SSIM and LPIPS follow the same trend.

Table 5
Wavelet formulation ablation at 2× upscaling. Metrics are com-
puted on tone-mapped outputs. Best results are highlighted in
bold.

Configuration PSNR ↑ LPIPS ↓ SSIM ↑

No wavelet (baseline) 29.0 0.135 0.899
DWT–Haar 29.5 0.122 0.906
SWT–Haar 29.9 0.114 0.913
SWT–Sym4 30.4 0.116 0.921
SWT–DB4 30.5 0.112 0.922

Table 6
Architectural and training ablations at 2× upscaling. Each
variant is evaluated with its native wavelet transform.

Configuration PSNR ↑ LPIPS ↓ SSIM ↑

SWT-Haar 29.9 0.114 0.913
SWT2L-Haar 30.2 0.114 0.919
Fusion-LL (SWT-Haar) 29.7 0.120 0.910

DWT-Haar 29.5 0.122 0.906
Multi-INR (DWT–Haar) 29.4 0.126 0.905
Single-scale (DWT–Haar) 29.7 0.123 0.909

specialization improves results. (3) Single-scale (2× only,
DWT–Haar) trains the model exclusively on 2× upscal-
ing instead of arbitrary-scale sampling, measuring whether
multi-scale training compromises single-scale fidelity.

Takeaways. Overall, the ablation results show that SWT
consistently outperforms DWT, with the DB4 basis giving
the highest reconstruction quality among all tested config-
urations. Alternative architectural variants such as Fusion-
LL and Multi-INR reduce performance, indicating that a
unified INR with joint coefficient prediction is more effec-
tive. Finally, multi-scale training improves generalization
without sacrificing fixed-scale accuracy, demonstrating the
robustness of our chosen setup.

Table 7
Comparison with NVIDIA DLSS 3.5 (2× Upscaling). Our
SWT-DB4 method (2× Upscaling) achieves superior structural
and perceptual metrics on both seen (Factory) and unseen
(Downtown West) environments.

Method PSNR ↑ LPIPS ↓ SSIM ↑

Seen Environment: Factory

NVIDIA DLSS 3.5 26.06 0.274 0.841
Ours (SWT-DB4) 26.48 0.122 0.920

Unseen Environment: Downtown West

NVIDIA DLSS 3.5 24.20 0.294 0.718
Ours (SWT-DB4) 28.60 0.142 0.874

4.5. Comparison with Industry Standard (DLSS)
To benchmark our framework against a widely used in-

dustry standard, we performed a qualitative and quantitative
comparison with NVIDIA DLSS 3.5 [9]. To establish a
baseline and set clear visual expectations, both DLSS (Per-
formance Mode) and our SWT-DB4 model were evaluated
at exactly 2× upscaling. We assessed the models on two
distinct scenarios: the Factory scene (an unseen camera
trajectory within a trained environment) and the Down-
town West scene (an entirely unseen dataset excluded from
training). We emphasize that this is not a rigorously con-
trolled comparison; due to the closed-source nature of the
DLSS pipeline, frame captures are not pixel-exact and utilize
different tone-mapping operators. Furthermore, DLSS is a
highly optimized production system designed to operate
under extremely strict hardware and latency constraints.
Nevertheless, the local texture content and viewing angles
are sufficiently comparable to allow for a general assessment
of algorithmic reconstruction characteristics.

As summarized in Table 7, our method demonstrates
highly competitive reconstruction quality across both scenes.
On the Factory environment, our method achieves com-
parable PSNR (∼26.5 dB vs. 26.1 dB) while offering a
noticeable advantage in perceptual quality (LPIPS 0.122 vs.
0.274). On the completely unseen Downtown West dataset,
our model exhibits strong robustness to novel data, yielding
a higher PSNR (+4.4 dB) and lower perceptual error (LPIPS
0.142 vs. 0.294). This suggests that our frequency-aware
formulation degrades gracefully and maintains structural
integrity even when evaluated far outside of its specific
training distribution.

Visual results in Figure 8 corroborate these quantita-
tive trends. While DLSS consistently provides a temporally
stable and clean image, it occasionally exhibits a tendency
to over-smooth high-frequency textures and simplify thin
geometry. In contrast, our wavelet-domain formulation man-
ages to preserve significantly more surface detail, granular-
ity, and structural coherence across both the stylized metals
of the Factory (Right) and the complex organic structures of
novel environments.
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Figure 8: Visual comparison between NVIDIA DLSS 3.5 and our SWT-based method (both operating at 2× upscaling). Left
(Downtown West): On a completely unseen dataset, DLSS struggles with high-frequency structures, washing out the metal
fencing, foliage, and distant text. Our method successfully preserves these thin details and textures. Right (Factory): On an
unseen trajectory within a trained environment, our method retains superior sharpness in the specular highlights of the metal and
the diagram on the control panel. Note: Due to the closed-source nature of the DLSS debug pipeline, the frames are captured
from similar but not pixel-exact timestamps. Slight color variations arise from differences in the respective tone-mapping pipelines.

4.6. Runtime and Efficiency
We evaluate inference performance at 2× upscaling

for 1920 × 1080 output on an RTX 3050 mobile GPU,
using single-frame inference without low-level optimiza-
tions. Figure 9 reports average per-frame runtimes across
methods. Our No-Wavelet baseline is close to DFASR,
with a minor discrepancy of ∼6 ms, which we attribute to
implementation-level differences. Introducing wavelet trans-
forms increases runtime: DWT variants add ∼5 ms overhead
relative to the No-Wavelet baseline, while SWT adds ∼18
ms. We also observe that a 2-level SWT (SWT2L) further
increases runtime to∼163 ms, a significant cost increase that
yields diminishing returns in quality. This reflects a clear
accuracy–efficiency trade-off, where the single-level SWT
with DB4 provides the optimal balance.

Table 8 details the cost distribution. The explicit Inverse
Wavelet Transform (IWT) step consumes ∼7.1 ms. The
remaining portion of the performance overhead (compared
to the No-Wavelet baseline) stems from the increased di-
mensionality of the prediction task: unlike standard RGB
regression, the SWT formulation requires the network to
predict a spatially redundant set of coefficients (4× the
data points of the spatial domain). Despite this increased
throughput requirement, the total overhead remains modest
relative to the heavy rendering-aware backbone, confirming
that the cost of modeling high-frequency wavelet coefficients
is manageable on modern hardware.

To demonstrate feasibility for real-time rendering, we
evaluated the model on an NVIDIA RTX 3090. Our method
achieves an inference time of 13.54 ms (∼73 FPS). This is
directly comparable to the DFASR baseline, which reports
∼11.27 ms on similar hardware [14]. The minor increase of
∼2.3 ms is an acceptable trade-off for the gains in perceptual
quality (LPIPS/SSIM) demonstrated in Section 4.2. Note
that this measurement represents isolated network latency,
not total frame time. Achieving strict real-time performance
(e.g., 60 FPS) requires the combined base rendering time and
inference overhead to remain within a 16.6 ms budget. Con-
sequently, reaching these interactive framerates currently
necessitates high-end hardware or scenes with lightweight
rendering costs.

5. Conclusion
We have presented a wavelet-domain super-resolution

framework for real-time rendering pipelines, predicting
frequency-aware subbands rather than directly regressing
RGB values. By combining convolutional feature extrac-
tors, an implicit neural representation with Fourier map-
ping, and stationary wavelet reconstruction, our method
achieves detail-preserving, resolution-consistent upscaling
across arbitrary scales. Experimental results show that this
formulation effectively recovers high-frequency detail while
remaining compatible with standard rendering pipelines.
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Figure 9: Runtime comparison on RTX 3050 (720𝑝 → 1080𝑝).
Our SWT model adds modest overhead (∼18 ms) over the
No-Wavelet baseline, primarily due to the larger channel depth
in the last layer and the IWT step.

Table 8
Component-wise runtime breakdown on RTX 3050 (Total:
∼141 ms). The Inverse Wavelet Transform (IWT) accounts
for a small fraction of the total inference time.

Module Time (ms)

LR Feature Extractor 4.15
HR G-Buffer Extractor 34.82
Temporal Extractor 13.15
Feature Fusion 39.46
FMINR 39.41
Inverse Wavelet (IWT) 7.13
Other (Upsampling, etc.) 3.5

Several challenges remain. While our temporal clamping
improves stability, achieving the long-term robustness of
fully recurrent video SR methods remains an area for im-
provement. Additionally, further optimization is required to
ensure practical deployment on mid-range hardware, where
the computational overhead of network inference consumes
a larger portion of the total rendering budget. Future work
may address these through stronger temporal modeling and
hardware-aware inference strategies. Finally, the closed-
source nature of emerging industry-standard models (e.g.,
proprietary transformer-based architectures) limits direct
reproducibility; future research should therefore investigate
integrating open transformer backbones into the wavelet
domain to exploit richer semantic contexts. Coupling the
framework with real-time ray tracing pipelines also offers a
promising direction to exploit richer lighting signals within
the same frequency-aware formulation.
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