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Figure 1: We propose an efficient method for rendering neural materials on low-power mobile VR devices. By combining: 1) a texture-space
shading approach with 2) spatiotemporal amortization and 3) a compact coarse-to-fine neural material distilled from a larger model, our
method achieves over 90 FPS on a mobile VR device (Meta Quest 3) while maintaining quality comparable to NeuMIP [KMX∗21].

Abstract
Virtual Reality (VR) applications aim to create an immersive virtual world, which demands a high level of visual realism. The
analytical material models commonly used in VR often fall short of reproducing complex real-world appearances. Recently, neu-
ral materials have emerged as a promising alternative, offering a compact yet effective representation of real-world materials.
Deploying neural materials on low-power mobile VR devices poses significant challenges due to the computational complexity
of neural networks and the high display resolution and frame rate requirements of VR devices (commonly 72+ frames per sec-
ond). We address these challenges by leveraging texture-space shading with spatiotemporal computation amortization, driven
by a compact, coarse-to-fine neural material model of extremely low capacity. Thanks to our distillation training scheme, our
compact neural materials achieve visual quality comparable to NeuMIP [KMX∗21] at a much lower cost. Our method reaches
over 90 FPS on a mobile VR device (Meta Quest 3) even under multiple light sources.
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1. Introduction

Traditional microfacet-based models can produce high-quality ap-
pearances, but only for simple materials. For many complex mate-
rials found in the real world, the expressiveness of these analytical
models becomes insufficient. Measured materials such as Bidirec-
tional Texture Functions [DVGNK99] (BTFs) provide highly ac-
curate replications of real-world appearances, but require massive
data storage. Even with compression techniques such as Principal
Component Analysis (PCA) or tensor decomposition, they still in-
volve complex decoding and interpolation steps, making them im-
practical.

In recent years, neural material techniques have emerged as a
promising alternative. With powerful non-linear approximation ca-
pabilities, they can compress complex materials into a single neu-
ral network with higher quality than traditional compression meth-
ods. However, neural materials have until now required high-power
desktop GPUs with special hardware accelerators such as Tensor
Cores and Int8 arithmetic support [XCL∗25]. This makes neural
materials ill-suited for battery-powered mobile devices, which lack
computational power and these specific hardware accelerators. In
this paper, we will focus on leveraging unique characteristics of
Virtual Reality (VR) applications to efficiently render neural mate-
rials on mobile VR devices.

VR applications aim to place the user in highly immersive vir-
tual environments. Their demand for visual realism is in some ways
higher than other rendering applications, making neural material
techniques a desirable fit thanks to their high-quality appearance
and realism. But battery-powered VR devices such as the Meta
Quest 3 have similar computational limitations to smartphones and
other mobile devices while possessing pixel-dense displays with
high render resolutions (4128× 2208 for both eyes on Meta Quest
3). The combination of these two makes rendering high-quality ma-
terials in real-time a significant challenge.

In addition to the constraints mentioned above, the complex-
ity of neural networks is another major factor that fundamentally
challenges the rendering of neural materials on VR devices. Typi-
cal neural materials use a Multilayer Perceptron (MLP), e.g., with
four layers of size 25×25 [KMX∗21] (i.e., 25 hidden layer chan-
nels). Based on initial experiments, we need to reduce our MLP
to hidden layers of size 8× 8, which leads to a significant qual-
ity drop. To maintain quality with our low-capacity network, we
employ knowledge distillation training and utilize an enhanced in-
put parameterization that incorporates an additional half vector.
Our approach achieves a comparable level of quality to a previ-
ous work [KMX∗21], despite using a significantly smaller network
architecture.

However, this smaller network architecture alone is not enough
to achieve the framerates necessary for a smooth VR experience
due to the high screen resolution and low computational power
of VR devices. To address this challenge, we developed a texture-
space coarse-to-fine neural material shading design that amortizes
computation spatially. To further increase performance, we lever-
age the fact that the viewport and lighting movement in VR is typ-
ically smooth and slow (to prevent motion sickness), making small
shading latencies unnoticeable to users. Therefore, we introduce

a technique that amortizes computation by reapplying the texture-
space shading results across multiple frames. This approach en-
ables the efficient rendering of complex neural materials on mobile
VR devices, such as the Meta Quest 3, achieving over 90 FPS (the
frame rate cap of the Meta Quest 3) with our network design.

In summary, this paper shows how to render realistic neural ma-
terials on a mobile VR device, such as the Meta Quest 3 with three
contributions:

• a compact coarse-to-fine neural material with a hidden layer size
of 8×8 that can run at over 90 FPS on a mobile VR device (Meta
Quest 3),

• a VR-specific texture-space neural material shading technique
that overcomes the high screen resolution of VR devices and spa-
tiotemporally amortizes heavy inference cost, and

• a distillation training scheme that keeps our neural material
at a comparable level of quality to a previous neural material
method [KMX∗21].

2. Related Work

2.1. Measured Materials & Neural Materials

Measuring the reflectance of a real-world object is the most ef-
fective way to obtain its accurate appearance. Measurement re-
sults are typically stored as a 6D Bidirectional Texture Function
(BTF) [DVGNK99]. Due to its high dimensionality, data com-
pression is necessary. Principal Component Analysis (PCA) com-
pression [KMBK03, RRK09, GMSK09] and Tensor Decomposi-
tion [VT04,RK09] are two popular techniques. They achieve a high
compression rate, but suffer from inconvenient interpolation and
decoding.

Neural-based methods offer a more promising solution for
compact BTF representation with higher quality and smooth in-
terpolation. Rainer et al. [RJGW19] propose the first neural-
based method for BTF compression, which they later extended
to a unified representation [RGJW20]. NeuMIP [KMX∗21] in-
troduces a decoder-only design with a neural texture pyramid
to represent materials at different levels of detail (LOD), and
also incorporates an offset network to achieve parallax effects.
This use of neural textures in combination with a decoder net-
work has become the standard scheme adopted by most follow-
up works [KWM∗22, RPKLMG23, FWH∗23, XZJM24, DZJ∗24,
ZRW∗24, XMWY24, XCL∗25]. Apart from compression, some
works focus on other aspects of neural materials. For example,
Kuznetsov et al. [KWM∗22] employ an additional network to han-
dle silhouettes, while NeuSample [XWH∗23] adds more efficient
importance sampling. Xu et al. [XMWY24] focus on dynamic syn-
thesis, and have recently extended their approach to a comprehen-
sive representation [XCL∗25].

Unfortunately, none of these methods are efficient enough to run
on mobile VR devices. In this paper, we propose a highly compact
coarse-to-fine neural material model that can run in real-time on
mobile VR devices.
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2.2. Texture-Space Shading

Texture-space shading decouples shading from the forward render-
ing pass by performing shading directly in texture space and storing
the results in a texture, which can then be reused in various ways
to accelerate rendering. The core idea can be dated back to the
object-based shading in Reyes Rendering Architecture [CCC87]
that decouples the shading rate from visibility sampling. Many
early works [AHTAM14, RKLC∗11, BFM10, CTM13] have stud-
ied the use of decoupled sampling to reduce the sampling cost of
stochastic effects such as motion blur and depth of field. These
works primarily focus on accelerating the rendering of a single
frame by reusing shading for multiple visibility samples.

Another branch of work [VMG∗25,MVD∗18,HSS19] leverages
texture-space shading for atlas streaming to reduce the computa-
tional cost on client devices. By performing expensive shading
computations on a host server and streaming the resulting atlases
to clients, the rendering workload on clients can be significantly
reduced.

One of the most relevant works for us is Texel Shading [HY16].
It utilizes a compute shader to evaluate shading in texture-space and
writes the shaded results to a Result Texture. A final Shade Gather-
ing pass then gathers these results from the Result Texture for ren-
dering. Shading updates can be performed at a lower frequency than
the frame rate, trading increased latency artifacts for reduced com-
putational cost. Muller et al. [MNV∗21] further explored the idea
of adaptively reusing shading across frames for real-time rendering
and VR applications. Their analysis shows that shading in dynamic
scenes remains largely temporally coherent, even in the presence
of complex lighting, materials, and animation, demonstrating the
feasibility of reusing shading across frames.

Our method builds upon established texture-space shading tech-
niques and adapts them to facilitate highly efficient neural mate-
rial evaluation, enabling high-performance neural material render-
ing even on mobile VR devices.

2.3. Lightweight Neural Network Design & Distillation

While smaller network designs lead to greater efficiency, their
limited learning capacity leads to lower-quality predictions. Pre-
vious methods propose to distill a larger teacher model into a
smaller student model by treating predictions from the teacher
model as pseudo-groundtruth signals (hints) for guided training.
This approach has been used for a variety of tasks such as distill-
ing image diffusion models [YGZ∗24] and video diffusion mod-
els [YZZ∗25, ZLY∗24] to few-shot generative models, teacher-
student distillation for appearance relighting [ISS∗23], implicit
neural representation to explicit model distillation [JWT25], as
well as compression for 3D reconstruction [FWW∗24, WRH∗22].
Building on these techniques, we propose a simple teacher-student
distillation procedure for neural materials, resulting in high predic-
tion quality while maintaining high efficiency.

3. Overview & Problem Analysis

Our goal is to deliver the most realistic-looking materials on mobile
VR devices (Meta Quest 3) while maintaining real-time frame rates

(≥ 72 FPS for VR). In this section, we will analyze the challenges
of achieving our goal and give an overview of our solution.

3.1. Neural Representation for Measured Materials (BTF)

A BTF is a 6D function that describes a surface’s spatially varying
reflectance in texture space. Formally,

BTF(u,ωωωi,ωωωo) :=
dLo(u,ωωωo)

Li(u,ωωωi)dωωωi
, (1)

where u is the texture coordinate, ωωωi is the incident direction, ωωωo
is the outgoing direction, and Li(u,ωωωi) (resp. Lo(u,ωωωo)) is the cor-
responding incident (resp. outgoing) radiance at the surface point
parameterized by u. The foreshortening term is conventionally fac-
tored in the BTF function.

Due to its high-dimensionality, the raw data size of a BTF can
be massive (e.g., up to 40 GB [WGK14] for a 5cm2 patch), which
makes it impossible to use directly in rendering applications. Tra-
ditional approaches often require extreme compression, such as
PCA on the 6D BTF data. However, these methods typically re-
quire complex interpolation and produce lossy results, which re-
duces their practical use in rendering.

Neural methods offer a more efficient way to achieve compact
BTF compression and smooth interpolation. The entire 6D table
can be trained, in an end-to-end fashion, as a neural model N with
learnable parameters Θ (typically a multilayer perceptron (MLP)
and a set of neural textures):

BTF(u,ωωωi,ωωωo)≈N (u,ωωωi,ωωωo;Θ). (2)

Although neural materials provide efficient BTF representation,
they are too computationally expensive for mobile VR devices.
Specifically, the inference for neural materials happens in shader-
level: each shader thread has to perform an independent inference
of the entire network. Hence, a small network design is necessary.
However, even reducing each fully connected layer’s size to 8×8 is
insufficient to meet the minimum frame rate requirements of mo-
bile VR experiences. Low-bit quantization [XCL∗25] is unfortu-
nately not an option due to the lack of hardware support on mobile
GPUs. Therefore, further performance optimization techniques be-
yond model simplification are necessary to achieve our goal.

3.2. Overcoming High Resolution and Framerate

The challenge of rendering neural materials on VR devices isn’t
just the computational limitations of battery-powered hardware, it’s
the need to render two high-resolution images (one for each eye,
2064× 2208 per eye on Quest 3) at a high enough frame rate to
prevent motion sickness (≥ 72 FPS). Inferencing a neural mate-
rial network per pixel for each eye at that resolution and framerate
would be challenging even for high-end desktop GPUs. Instead,
our technique runs the neural network in texture space, as shown in
Fig. 3, inferring two radiance textures, one for each eye in one pass.
This radiance texture is then reused across multiple (N) frames to
amortize the cost of running the neural network. When we render a
frame to the viewport, we simply draw objects with their radiance
texture applied, i.e. the UV coordinates are used to lookup and re-
turn the value in the radiance texture.

© 2026 Eurographics - The European Association
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Figure 2: The structure of our compact coarse-to-fine neural mate-
rial model. It has two components: a coarse-level MLP and a fine-
level MLP. Both of them have a compact design with only an 8-wide
hidden layer size. To improve performance, we amortize computa-
tion by running the coarse-level MLP once at the center uc of each
2 × 2 texels square, followed by four times lightweight fine-level
MLP inference at individual texels.

Our texture-space shading strategy relies on several characteris-
tics of VR rendering. First, viewport movements in VR applications
are typically small and smooth, as the camera is bound to the user’s
head. This prevents large angular shifts in view direction ωωωo from
frame to frame, which hides the latency between shading updates
so that no noticeable perceptual artifacts are introduced to the user.
Second, though the shading is updated at a reduced frequency, the
scene is still rendered at full framerate (≥ 72 FPS), which is cru-
cial for a comfortable VR experience. This means the shading fre-
quency can be reduced without introducing discomfort or motion
sickness, as the user and objects still move smoothly through the
world. The reduced shading frequency also does not introduce any
ghosting or blurring.

4. Method & Implementation

4.1. Coarse-to-Fine Neural Material

To overcome the constraints of high resolution and limited com-
pute on mobile VR devices, we introduce a highly compact coarse-
to-fine neural material model. It utilizes two lightweight MLPs to
progressively evaluate reflectance in texture space, from a coarse
multi-texel square down to a fine per-texel level. The coarse-to-
fine design is motivated by performance considerations. We inten-
tionally kept the size of the fine-level MLP small. By running the
coarse-level MLP once followed by multiple lightweight fine-level
inferences, we amortize the cost across texels. This results in a sig-
nificantly lower average inference cost than a full end-to-end MLP
per texel. The network architecture is illustrated in Fig. 2.

In the first pass, we train a coarse-level MLP Mc, paired with a
neural texture Uc, to predict intermediate latent vectors zc. Concep-
tually, each zc captures the coarse appearance features of a small
2× 2 texel patch. This 2× 2 square is parameterized by the mean
texture coordinate of its texels uk(k ∈ 1,2,3,4): uc = 1

4 ∑
4
k=1 uk.

Given uc as well as the angular inputs ωωωo,ωωωi ∈ R3, we evaluate our
coarse-level MLP Mc as

zc =Mc(ωωωi,ωωωo,h,Uc(uc)), (3)

where we additionally introduce the usage of the half vector h ∈ R3

to facilitate network learning.

In the second pass, we predict per-texel appearance with another
MLP and neural texture pair, M f and U f . The fine MLP M f is
conditioned on the coarse intermediate latent vector zc. The final
reflectance of each texel uk is

BTF(uk,ωωωi,ωωωo) =M f (zc,U f (uk)). (4)

Note that the same zc is shared across all four uk, thereby amortiz-
ing the inference cost of Mc. In this way, M f is designed to add
details unique to each texel.

It is important to note that the incident and outgoing directions
ωωωi,ωωωo are obtained with respect to the mean texture coordinate uc
rather than individual uk. The 2× 2 texels square shares the same
angular condition, which introduces minor angular aliasing across
the texels square. Nevertheless, as discussed in Sec. 3.2, the dif-
ference produced from the accurate coarse lighting with slightly
inaccurate finer details is often negligible for human perception,
particularly in VR applications.

Discussion of Neural Offset Module. Neural offset mod-
ule [KMX∗21] can produce parallax effects by estimating the tex-
ture space UV offset under different viewing directions without
requiring an explicit height field. However, we do not incorpo-
rate the neural offset module in our design, as our objective is to
model only the 6D measured BTF rather than higher-dimensional
effects such as parallax. On the other hand, an accurate height
field can be easily obtained along with the measurement pro-
cess and provided to users as part of the measured dataset (as in
UBO2014 [WGK14]). We believe that well-established techniques
in modern graphics pipelines can effectively produce high-quality
parallax effects when the height field is available. Although this
choice prevents us from handling materials with unknown height
fields, our primary goal is high-performance BTF rendering on mo-
bile VR devices. The computational overhead of a neural offset
module is prohibitively expensive for such platforms. Therefore,
we prioritize performance over offset estimation and do not include
a neural offset module.

4.2. Texture-space Shading

Our texture-space shading method is based on several observations:

Shading latency is acceptable. At high framerates and with lim-
ited camera movement (as is the case with minimal 72 FPS VR
experiences), the human eye is insensitive to shading differences
between consecutive frames.

Quad overdraw is the bottleneck. Forward shading is the most
commonly used rendering technique for mobile and VR devices,
but it suffers from quad overdraw, especially for detailed high-poly
meshes. By dispatching a compute shader across the object’s tex-
ture space, we eliminate quad overdraw when running expensive
shading calculations.

© 2026 Eurographics - The European Association
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Figure 3: Method Overview. Our method includes a texture-space shading technique that amortizes computation across frames and a compact
coarse-to-fine neural material model. We first pre-generate a texture that stores the Triangle IDs for each texel. At runtime, we extract triangle
data using the triangle IDs, then obtain the angular inputs in local space. Each compute thread performs coarse-to-fine neural material
shading for a 2× 2 texel square and records the shading output into a radiance texture. The radiance texture can be reused across frames.
Once updated, the next N frames (by default N = 4) will reuse the same radiance textures for better performance. During forward rendering,
the final shading results can be directly queried from the radiance texture.

Lighting varies smoothly. Lighting across an object typically
does not change hugely from pixel to pixel (or texel to texel in
our case). For human perception, accurate detailed lighting can be
approximated by accurate coarse lighting and synthesized inaccu-
rate details. Because shading is calculated in compute shaders, our
technique is not bound to a 1:1 ratio of threads per texel. It can run
a single thread for 2×2 texel regions and share computation across
texels.

With the aforementioned observations, we design a texture space
neural material shading technique as shown in Fig. 3. Our texture-
space shading technique first pre-generates a texture specifying the
triangle ID at each texel. A compute shader is dispatched over the
whole texture (eliminating quad overdraw) and earlies-out on back-
face regions of the mesh. It samples the triangle ID using its Dis-
patch ID as texture coordinates and manually fetches and interpo-
lates the triangle data.

For neural material shading, we employ a coarse-to-fine scheme
as detailed in Sec. 4.1. The coarse-to-fine neural material shading
produces an object-space radiance texture that is reused for the next
N frames (i.e., every N+1 frames share the same radiance texture),
amortizing the shading computation and significantly increasing
performance. During the forward rendering, the final shading re-
sults can be directly queried from the radiance texture.

We recommend setting N = 4 for balanced performance and la-
tency, but this should also be determined by the actual situation, as
high-specular materials will be more sensitive to shading latency.
Nevertheless, our internal testing revealed that users were unable
to notice latency artifacts on high-end PBR materials, even though

we reused the radiance texture for six frames (N = 6). In this case,
the shading was only updated at a rate of around 10 FPS.

Although our texture-space shading approach builds upon exist-
ing methods, our key contribution lies in leveraging the character-
istics of VR applications together with the advantages of texture-
space shading to improve the performance of neural material ren-
dering.

4.3. Quality Enhancement via Distillation

Previous neural material models typically have hidden layer sizes
of 32× 32 [XMWY24] or 25× 25 [KMX∗21]. However, to meet
the performance requirements of VR applications, our network is
designed with a much smaller hidden layer size of 8 × 8. Under
such constraints, directly learning the BTF results in significant
quality loss. To improve quality, we designed a knowledge distil-
lation training scheme to better utilize the limited network capac-
ity. The new training scheme proved to be very effective, allow-
ing our small network to achieve quality on par with that of Neu-
MIP [KMX∗21], a much larger network.

Our distillation scheme aims to transfer the learning of a pre-
trained teacher MLP of much larger capacity to a student MLP that
is used for final shading. During the training of the student MLP,
it learns not only from ground truth data but also from the teacher
MLP. The goal is to encourage the student MLP to match the output
statistics of the teacher MLP layer by layer. This is straightforward
for the final layer, as both MLPs outputs RGB reflectance. How-
ever, the latent vectors from hidden layers have different dimen-
sions and are not directly comparable. Given two latent vectors zs

© 2026 Eurographics - The European Association
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Figure 4: Our distillation scheme. We use two intermediate fea-
ture vectors and the output from the teacher model as hints for the
student network. To match the size of the feature vectors from the
teacher model and the student model, we apply a learnable linear
transformation to the features.

and zt with different dimensions Ds and Dt , we generalize the com-
parison by introducing a linear transform T of dimension Ds ×Dt .
The latent vectors are considered similar if

zs ≈ T (zt).

The intuition is that the two vectors capture equivalent underly-
ing latent (presumably nonlinear) features if there exists a linear
transform that converts them into each other. T is jointly optimized
along with the student MLP during the distillation.

Specifically, we opt to match the output and two hidden latent
vectors between the teacher and the student MLPs. A schematic
diagram is provided in Fig. 4. The overall training loss is

L =L1(ys,ygt)+σL1(ys,yt)+ (5)

λ1L2(zs1 ,T1(zt1))+λ2L2(zs2 ,T2(zt2)),

where ys, yt , and ygt is the predicted reflectance by the student
MLP, the teacher MLP, and the ground truth reflectance, respec-
tively. zs∗ and zt∗ are the latent vectors from the corresponding lay-
ers of both MLPs, and T∗ is the linear transform that brings them
into the same space. In practice, the teacher MLP is 128-wide and
the student MLP is 8-wide, giving T∗ a size of 128× 8. σ, λ1, λ2
are the weights for each loss term, which are all set to 0.1 in our
experiments.

4.4. Training Details

We use PyTorch [PGM∗19] for training. We apply the
Adam [KB14] optimizer with β1 = 0.9, β2 = 0.999, and ϵ =
1× 10−8. We decay the learning rate from 5× 10−4 to 1× 10−7

using the ReduceLROnPlateau scheduler. It will halve (decay
factor of 0.5) the learning rate when the decreased testing L1 er-
ror is smaller than a threshold (1× 10−4) in each epoch. For each
training step, we take a 2D slice (400×400) from the BTF dataset
under the same viewing and lighting angles as one batch. We ap-
ply stratified sampling to the neural textures to avoid the discrete
artifact.

We first trained the teacher model around 60 epochs, then used
it to train the student model from scratch. The distillation train-
ing lasts for at most 150 epochs. On a desktop with an RTX 4080

GPU, the whole training including the teacher training takes about
19 hours.

5. Results

We select seven measured BTF examples from
UBO2014 [WGK14]. Each BTF exhibits a representative ap-
pearance that highlights different aspects of complex material
behavior. We first validate our texture-space shading method,
then we compare against previous methods by using a modified
NeuMIP [KMX∗21] as baseline. We use image space FLIP
error [ANA∗20], peak signal-to-noise ratio (PSNR), and structural
similarity index measure (SSIM) as error metrics. By default, all
the results are rendered under three point lights with four frames
between updates (N = 4) and 12002 texture-space resolution per
eye. Please note that some results are displayed with a skybox
background for clarity purposes, which is not used as a light
source. As a common optimization for low-power neural network
inference, we use half precision for our inference. We use the Open
3D Engine (O3DE, https://o3de.org/) as a framework in
which to run our experiments, both while iterating on Desktop and
while benchmarking on Meta Quest 3. All performance data is
measured on a Meta Quest 3.

Obtaining Reference Images. The measured BTF data is a 6D
discrete table requiring 6D interpolation to render reference im-
ages. Since the full dataset is huge (about 40 GB), and our ren-
dering runs inside a game engine (O3DE), obtaining aligned ref-
erence images is difficult. Therefore, we adopted an uncommon
way to generate reference images, based on the fact that previ-
ous methods [KMX∗21,XMWY24,XCL∗25,XZJM24] have exten-
sively shown that neural materials closely approximate references
with minimal error. We trained a modified NeuMIP [KMX∗21]
with 128 hidden layer size (NeuMIP Max) as a compromised refer-
ence to replace the direct 6D BTF table interpolation, enabling the
generation of accurate and aligned reference images within O3DE.
To demonstrate that the compromised NeuMIP Max reference can
faithfully reproduce the accurate appearances, and to compare each
method with the real reference, we generate rendered images for
each material using an offline rendering process in Fig. 17.

5.1. Validation of Texture-Space Shading

We first validate the performance gain from texture-space shading
and spatiotemporal amortization. As shown in Fig. 5, ours can only
run at 9 FPS in screen space but achieves 80 FPS with a much lower
resolution in texture space with spatiotemporal amortization. Note
that texture-space shading is a prerequisite for enabling spatiotem-
poral amortization, which is not feasible in screen space.

Moreover, in Fig. 6, we compared the rendering results at various
texture resolutions. At the lowest resolution (8002 per eye), some
noticeable discrete artifacts appear. As the resolution increased,
these discrete artifacts became negligible, and the results closely
matched the screen-space shading.

Discussion of validating spatiotemporal amortization. Spatial
and temporal amortization in our method are tightly coupled with

© 2026 Eurographics - The European Association
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Figure 5: Validation of the performance gains of our texture space shading and spatiotemporal amortization. Rendering neural materials
directly in high-resolution screen space is prohibitively expensive for mobile VR headsets. With texture-space shading and spatiotemporal
amortization, we achieved 80 FPS, which is an 8.9× speedup compared to the screen space performance.

25.78
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PSNR↑
SSIM↑

FLIP ↓
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Ours in Texture Space Ours in Texture Space Ours in Texture Space Ours in Screen Space

800×800 1200×1200 1600×1600 2064×2208

Figure 6: We compare the results of three different texture resolutions against screen-space shading. The second row shows the FLIP error
map against the screen-space result (Ours in Screen Space). For a low resolution of 800× 800 pre-eye, noticeable discrete artifacts can be
observed. As the resolution increased, these discrete artifacts became negligible, and the results closely matched the screen-space shading.

texture-space shading. When both are disabled (w/o spatial and w/o
temporal), our method reduces to standard screen-space shading.
Enabling spatial amortization without temporal amortization (w/
spatial and w/o temporal) only results in a performance drop, with
no quality loss. We cannot independently evaluate the setting with
temporal amortization but without spatial amortization (w/o spatial
and w/ temporal), as screen-space shading does not support tempo-
ral amortization.

5.2. Comparison with Modified NeuMIP

To demonstrate the accuracy of our method, we compare it with a
modified NeuMIP [KMX∗21] as a baseline (hereafter "NeuMIP"
all refers to the modified NeuMIP for simplicity). We made two
changes: 1) we removed the feature pyramid structure and always
use its finest neural texture; 2) we excluded the offset module.

The reason for 1) is that the feature pyramid is designed to sup-
port levels of detail (LoDs). However, in our current setting, we do
not consider LoDs (as discussed in Sec. 6). As a result, the feature
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LEATHER11 FABRIC07

FABRIC12 WOOD06

Figure 7: We compare our method with NeuMIP [KMX∗21] in
terms of test loss over training epochs. The test loss is measured as
the L1 error across the whole BTF dataset. Our loss is on the same
level as NeuMIP.

pyramid is redundant for comparison, and removing it does not lead
to any loss in quality.

As for 2), the offset module in NeuMIP is designed to esti-
mate parallax effects for materials with an unknown height field.
By contrast, when the height field is explicitly available, more ac-
curate parallax effects can be achieved independently using tradi-
tional parallax mapping techniques at a significantly lower com-
putational cost. In our case, UBO2014 [WGK14] does provide a
height field for each BTF. Therefore, we believe that more accurate
parallax effects, or even displacement, can be easily achieved us-
ing well-established techniques within a modern graphics pipeline.
Since our method models only the 6D BTF, it is more appropriate
to compare with NeuMIP without its offset module.

In Fig. 7, we show the L1 test loss curves on the whole dataset
during training for both our method and NeuMIP. Thanks to our
distillation training and a more effective training strategy, we
achieve a loss on the same level as NeuMIP with an MLP that is
7.4× smaller. On the Wood06 dataset, we even surpass NeuMIP.

Furthermore, we directly visualize the recovered 2D BTF slices
in Fig. 8. We also include another NeuMIP variant with the same
size as ours (8×8 latent layer size). Ours give more accurate high-
lights and self-shadows.

In Fig. 16, we show a rendering comparison with NeuMIP on
three different materials. It is important to note that our goal is not
to surpass previous methods in quality, but to achieve the best pos-
sible quality under low computational power constraints while run-
ning at 72+ FPS on Meta Quest 3.
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Figure 8: We compare ours with analytical BTF fitting (with four
Lafortune lobes [LFTG97]), NeuMIP [KMX∗21], and its variant
with the same capacity as our model by directly visualizing the
2D BTF slices. Overall, the analytical fitting approach exhibits
larger deviations. Despite NeuMIP using a much larger network
than ours, our results exhibit more accurate highlights and self-
shadows. When we reduce NeuMIP’s network size to match ours, it
fails to preserve the appearance of the BTFs.

5.3. Comparison with Analytical BTF Fitting

BTFs can be effectively approximated as the sum of a diffuse
term and multiple anisotropic specular lobes. One of the most
classic analytical approaches for BTF fitting represents the spec-
ular component using a mixture of k Lafortune lobes [LFTG97]
s(ωωωi,ωωωo;M,n):

BTF(u,ωωωi,ωωωo)≈ ρd,u +
k

∑
j=1

ρs,u, j · su, j(ωωωi,ωωωo;M,n), (6)

where ρd and ρs are diffuse and specular color respectfully. The
Lafortune lobe is defined as:

s(ωωωi,ωωωo;M,n) = (ωωωt
o ·M ·ωωωi)

n, (7)

where M is a 3×3 matrix that controls the shape, orientation, and
anisotropy of the specular lobe, and n is the specular exponent that
determines the sharpness of the lobe.

We employ a nonlinear Levenberg–Marquardt optimization to
fit one diffuse color and k = 4 Lafortune lobes (with independent
specular colors) to each 4D texel (i.e., apparent BRDF [WHON97,
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Analytical
NeuMIP Ours

Fit

LEATHER11 0.04606 0.02285 0.02311
FABRIC12 0.01914 0.00814 0.00840
WOOD06 0.02930 0.01264 0.01078
LEATHER08 0.04185 0.02811 0.02904
FABRIC07 0.02589 0.00851 0.00847
CARPET07 0.01570 0.01472 0.01668
FABRIC09 0.01082 0.01108 0.00939

Total Storage 35.2 MB 4.48 MB 6.24 MB

Table 1: Overall L1 error of each method on each mate-
rial, together with the corresponding storage. The best result is
highlighted. Both NeuMIP [KMX∗21] and our method consis-
tently outperform the analytical fitting approach using four Lafor-
tune [LFTG97] lobes. For NeuMIP and our method, the reported
total storage includes neural texture parameters as well as network
parameters (6.6 KB and 1.6 KB, respectively).
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Figure 9: Visualization of the recovered apparent
BRDFs [WHON97, MMS∗05] for each method. The 4D ap-
parent BRDF is unfolded into a 2D image for visualization,
as commonly done in prior works. With only four Lafortune
lobes [LFTG97], the strong sheen effects of fabric materials
cannot be captured.

MMS∗05]) in the BTF. The overall L1 error is summarized in Ta-
ble 1. To further evaluate the fitting quality in comparison with our
method, we visualize the reconstructed apparent BRDFs in Fig. 9
and the 2D BTF slices in Fig. 8. Moreover, we also show the offline
rendering results in Fig. 17.

5.4. Performance

We benchmark our method on a Meta Quest 3 device and record
the frame rate on a desktop connected via Android Debug Bridge
(ADB). Due to hardware constraints of the Meta Quest 3, the frame
rate is capped at 90 FPS. We use the same scene as in Fig. 5 for
performance testing unless otherwise stated.

Performance under different amortization settings. We sum-
marize our method’s rendering performance under different amor-

Update Texture Space Resolution Screen Space
Interval 8002 12002 16002 20002 2064×2208

0 Frames 80 FPS 42 FPS 36 FPS 27 FPS

23 FPS
1 Frame 90 FPS 67 FPS 57 FPS 43 FPS
2 Frames 90 FPS 82 FPS 71 FPS 58 FPS
4 Frames 90 FPS 90 FPS 82 FPS 76 FPS
6 Frames 90 FPS 90 FPS 89 FPS 81 FPS

Table 2: Performance of our method when rendering with one
point light under different amortization configurations on a Meta
Quest 3. The row with "0" frame update interval indicates that tem-
poral amortization is disabled.

Figure 10: The performance under different numbers of point
lights with four frames between updates and 12002 texture reso-
lution. Our performance scales approximately linearly according
to the number of point lights.

tization settings in Table 2. We only apply one point light to bet-
ter benchmark the performance. There are multiple performance
tradeoffs: lowering texture resolution will increase the occurrence
of discrete artifacts, while increasing intervals between shading up-
dates introduces more latency. We chose 12002 texture resolution
per eye and four frames between updates as a balanced choice be-
tween quality and performance.

Performance under different numbers of point lights. Point
lights are the most commonly used light sources in real-time ren-
dering applications. Each point light requires a full inference pass
through the neural material model. Therefore, the number of sup-
ported point lights directly reflects the practicality of the neural ma-
terial approach. Under a setting of 12002 texture resolution per eye
and four frames between updates, in Fig. 10, we conducted a per-
formance test to evaluate the number of point lights our method can
support in an actual rendering application.

Performance of rendering multiple materials simultaneously.
We evaluate the scalability of our method when rendering multi-
ple materials simultaneously. We place different numbers of square
meshes in the scene and assign a distinct material to each square.
Table 3 summarizes the rendering performance when simultane-
ously rendering different numbers of materials. The performance
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Num. of Lights 3

Num. of Materials 1 2 3 4

Frame Rate 81 FPS 62 FPS 51 FPS 39 FPS

Table 3: Performance of rendering multiple materials simultane-
ously with three point lights. Each material uses a 10242 texture
resolution, and the update interval is set to seven. The rendering
results will be written to a 32-bit radiance texture, so for each ma-
terial, the GPU RAM cost for the radiance texture is 8.0 MB.

LEATHER11 FABRIC12

Figure 11: We select two representative BTF from
UBO2014 [WGK14] to validate the effectiveness of our dis-
tillation. For each material, we show the test loss of the whole 6D
BTF data during training. With distillation, the convergence of the
test loss is significantly better.

scales approximately linearly with the number of materials (or
equivalently, the total shading texture resolution).

5.5. Informal User Study of the Update Latency

In the supplementary video, we present video recordings of our
rendering demo. The latency caused by the shading reuse is hard to
notice in the video. To better investigate the potential problems of
our method, we conducted an internal user study. We set up three
objects with neural materials and texture-space shading in a VR
environment and had users put on the headsets and ask questions
about potential issues. Some mentioned harsh shadows from the
point lights, but nobody mentioned the lag of the lighting on the
texture. Even when reusing shading for the next six frames (N = 6),
the latency was not immediately noticeable. Only when prompted
to look for the latency and provided with a low-latency comparison
were users able to notice the difference.

5.6. Ablation Studies

We conduct ablation studies to validate the effectiveness of our two
key designs: the distillation training and the coarse-to-fine neural
material architecture.

Distillation. We first evaluate the effectiveness of distillation. In
Fig 11, we compare the test loss of models trained with and without
distillation. The use of distillation significantly improved the con-
vergence. Additionally, we compare the recovered 2D BTF slices
in Fig 12. With distillation, the results exhibit finer details and more
accurate self-shadows.

35.11
0.088

35.12
0.080

FABRIC12

PSNR↑
FLIP ↓

Ours Ours Ground Truth
w/o distillation w/ distillation

Figure 12: To better validate the effectiveness of the distillation,
we visualize the predicted 2D BTF slices of each model along with
the ground truth. Distillation gives more accurate results and self-
shadows.

29.90
0.120

29.70
0.115

LEATHER08

PSNR↑
FLIP ↓

Ours Single Level Ours Coarse-to-Fine Ground Truth

Figure 13: Validation of our coarse-to-fine neural model design.
Our coarse-to-fine design does not introduce quality loss compared
with the single-level variant with the same capacity.

Coarse-to-Fine Network Design. Compared to typical end-to-
end network architectures (4 latent layers with 8 × 8 size), our
coarse-to-fine network design does not introduce quality loss as
shown in Fig. 13. Instead, it enables the computation to be spatially
amortized, improving efficiency without sacrificing quality.

6. Limitation & Discussion

Texture Resolution & Level of Details. Our neural material eval-
uation currently does not offer a robust Level of Details (LoD)
mechanism. In close-up scenarios such as Fig. 14, materials must
be rendered at very high texture resolutions to maintain detailed ap-
pearance, which hinders performance. However, it should be noted
that our amortized texture-space shading can still shade much more
texels than screen space shading. As alternatives to LoD tech-
niques or high-resolution textures, tiling or by-example synthe-
sis [XMWY24, XCL∗25] could be employed to enhance detail.

Fine-grained Details. Due to the limited capacity of our model,
even with distillation training, it may still struggle to capture ex-
tremely fine details. A failure case is provided in Fig. 15.

Tiling Issues. While we do not explicitly handle tiling issues, the
neural textures with an MLP decoder design of our model suggest
that it can be compatible with the previous dynamic neural BTF
synthesis approach [XMWY24].
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15 FPS 14 FPS
Screen Space Texture Space
2064×2208 4×24002

(not covered all pixels)

Figure 14: The performance of our technique drops with very large
texture sizes. Still, our amortized texture-space shading can output
roughly 5× more pixels/texels than screen-space shading under the
same camera condition.

34.89
0.059

35.00
0.083

PSNR↑
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FABRIC07

Ours NeuMIP Ground Truth

Figure 15: A failure case. Our MLP can not handle very fine-
grained details due to its extremely low capacity. Nevertheless, even
for NeuMIP [KMX∗21] that has a much larger network size, such
fine details remain difficult to be captured.

7. Conclusion & Future Work

We have presented an efficient solution for rendering neural mate-
rials on low-power mobile VR devices. By combining a texture-
space shading approach with spatiotemporal amortization and a
compact coarse-to-fine neural model, our method achieves over
90 FPS on Meta Quest 3 while maintaining high visual fidelity.
Thanks to distillation training, our lightweight network delivers
quality comparable to that of NeuMIP [KMX∗21], making neural
materials practical for real-time VR rendering for the first time.

For future work, we believe that designing efficient image-based
lighting (IBL) solutions for neural materials is an important re-
search direction. Current real-time shading applications heavily
rely on the efficient split-sum approximation [Kar13]. However,
the split-sum approximation only supports analytical BRDFs. Neu-
ral materials still require a large number of samples to achieve
IBL, which is prohibitively expensive on mobile devices. While
our work tackles the challenge of efficient point-wise evaluation of
neural materials, it remains an open problem how to extend the cur-
rent neural material paradigm to support efficient integration over
the angular domain.

Another promising direction for future work is to leverage the
stereoscopic nature of VR rendering by sharing a single radiance
texture between both eyes. Although the two eyes have slightly dif-

ferent viewing directions, they are highly correlated. Our current
method performs inference independently per eye and does not ex-
ploit this relationship. A shared one-pass inference for both eyes
could further improve performance.
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Figure 16: Comparison between NeuMIP [KMX∗21], ours, and the compromised NeuMIP Max reference. Due to NeuMIP’s large network
architecture, it failed to run in real time on Meta Quest 3. Note that our goal is not to surpass previous methods in quality, but to achieve
the best possible quality under low computational power constraints. Some small black artifacts appear in the results of FABRIC07, which,
based on our experiments, originate from the O3DE rendering pipeline rather than our method.
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Figure 17: We compare each method against the original 6D BTF rendering results (Reference). Since accurate 6D BTF interpolation is not
affordable for real-time rendering, we generate the reference using an offline Monte Carlo path tracing process. We reuse the same Monte
Carlo samples for all methods to eliminate differences caused by random noise. We provide three error metrics (PSNR↑, SSIM↑, and FLIP
↓), and visualize the FLIP error map to better evaluate each method’s result. The compromised NeuMIP Max reference produces results that
are very close to the real reference. Analytical fitting with four Lafortune lobes struggles to capture the complex appearance of the measured
materials. Ours shows a similar level of quality compared to NeuMIP.
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