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Figure 1: Comparison of our method to the baseline NeuMIP model and the reference which is based on a 3D micro geometry of cloth. Our
neural model enjoys 88% lower MSE compared to NeuMIP in a relatively similar time and can accurately capture the self-shadowing as
well as the sharp highlights of the complex materials which are known as the limitations of the original NeuMIP.

Abstract

Neural reflectance models are capable of reproducing the spatially-varying appearance of many real-world materials at dif-
ferent scales. Unfortunately, existing techniques such as NeuMIP have difficulties handling materials with strong shadowing
effects or detailed specular highlights. In this paper, we introduce a neural appearance model that offers a new level of accuracy.
Central to our model is an inception-based core network structure that captures material appearances at multiple scales using
parallel-operating kernels and ensures multi-stage features through specialized convolution layers. Furthermore, we encode
the inputs into frequency space, introduce a gradient-based loss, and employ it adaptive to the progress of the learning phase.
We demonstrate the effectiveness of our method using a variety of synthetic and real examples.

CCS Concepts
» Computing methodologies — Reflectance modeling;

1. Introduction

Modeling the appearance of real-world materials in a physically
faithful fashion is crucial for predictive rendering. This, however, is
a challenging task: Many materials comprise complex fine-grained
geometries that largely drive their macro-scale appearances. Tra-
ditionally, material reflectance is specified using spatially varying
BRDFs (SVBRDFs) or Bidirectional Texture Functions (BTFs).
While these models work adequately for many applications, they
are typically limited to one physical scale (or resolution). Further,
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SVBRDFs have difficulties handling parallex effects while BTFs
[DvGNK99] are highly data-intensive.

To address these limitations, several appearance models utiliz-
ing neural representations [KMX*21; KWM*22; FWH*22] have
been introduced recently. Although some of these methods—such
as NeuMIP [KMX*21]—can be applied to learn the appearances of
complex materials at varying scales, their physical accuracy can de-
grade drastically for material exhibiting complex shadows or spec-
ular highlights.
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In this paper, we address this problem by introducing a neural
appearance model with a new hierarchical architecture. As shown
in Fig. 1, our model enjoys the generality to accurately capture
complex directionally dependent effects—including shadows and
highlights—at multiple physical scales.

Concretely, we make the following contributions:

e We propose a new framework to improve neural materials to
better capture highly glossy materials and better capture self-
shadowing and sharp highlights by introducing a new hierarchi-
cal architecture and an input encoding step to the network to map
the training inputs into a higher dimensional space (§3.1).

e For better robustness, we also introduce new losses to allow
our model to better capture both high- and low-frequency ef-
fects (§3.2).

We demonstrate the effectiveness of our technique by comparing
to the original NeuMIP [KMX*21] using several examples in Fig. 6
and Fig. 7. In practice, similar to NeuMIP, our neural reflectance
model can be integrated into most rasterization- and ray-tracing-
based rendering systems.

2. Related Work

Neural rendering has emerged as a promising approach for a wide
variety of applications, including material rendering, texture syn-
thesis, and view synthesis. In this section, we review the most re-
cent and relevant work in the area of neural rendering, focusing on
techniques used for material rendering and displacement mapping.

Displacement mapping serves as a powerful technique for aug-
menting material complexity on surface geometries, thereby yield-
ing convincing parallax, silhouette, and shadowing effects. How-
ever, it imposes a considerable demand on computational resources.
Conventional ray-tracing-based renderers typically effectuate dis-
placement by tessellating the base geometry, a process that necessi-
tates significant storage and computational capabilities [TBS*21].

A suite of techniques has been proposed as approximations
to displacement mapping, including parallax mapping [KTI*01],
relief mapping [OBMO0O; POCO5], view-dependent displacement
mapping (VDM) [WWT#*03], and generalized displacement maps
(GDM) [WTL*04; YZX*04]. These methodologies are fundamen-
tally geometric and reliant on heightfields, overlooking the reflec-
tive effects emanating from the intricate material geometry.

Bidirectional Texture Function (BTF) have been employed to
represent arbitrary reflective surface appearances, first proposed by
Dana et al. [DvGNK99]. The storage of a discretized 6D function
incurs substantial costs, and a multitude of compression techniques
have been scrutinized [HFM10]. Rainer et al. [RIGW19] intro-
duced a neural architecture based on an autoencoder framework for
compressing BTF slices per texel, and later advanced their work by
integrating diverse materials into a shared latent space.

NeuMIP [KMX*21; KWM*22], an innovative neural approach,
has been formulated to render and represent materials across dis-
parate scales efficiently. Despite its advantages, NeuMIP faces con-
straints due to its network architecture and design, struggling to
simulate the high-frequency information inherent in materials. Fur-
thermore, it fails to accommodate curved surfaces. A more recent

endeavor [KWM#*22] aimed to overcome these shortcomings by in-
corporating surface curvature and transparency information into the
neural model. Yet, the task of capturing high-frequency materials
remains a formidable challenge. In this paper, we compare to Neu-
MIP [KMX*21] and not the curved-surfaces variation [KWM#*22]
because our contribution is clearly visible in flat samples and our
technique can be easily applicable to the newest version as well.

Recent advancements in Neural Radiance Fields (NeRF) have
led to the development of methods capable of handling com-
plex materials and geometries. The NeRF technique [MST*21],
which represents scenes as continuous volumetric fields, has been
adapted for a plethora of applications, such as NeRF-W [ZZF*22]
to manage view-dependent appearances, and Fourier plenOctrees
for NeRF [WZL*22] for real-time rendering. The methodology em-
ployed in this paper is inspired by NeRF to capture details with
sparse sampling. Rodriguez-Pardo et al. [RKLG23] introduced a
neural field-based framework for encoding and transferring Bidi-
rectional Texture Functions (BTF). Baatz et al. [BGP*22] inte-
grated Neural Reflectance Field Textures into the NeRF framework,
enabling detailed rendering of complex materials. Lastly, Xiang et
al. [XXH*21] demonstrated the use of neural networks for dynamic
texture generation and mapping in volumetric neural rendering

Neural appearance modeling Fan et al. [FWH*22] introduced a
universal decoder that can be applied to various materials and even
to BRDFs not present in the training set. However, it requires a
large neural network. Rainer et al. [RIGW19] proposed a neural
structure based on an autoencoder framework to compress the BTF
for each material. The decoder takes the latent vector and incom-
ing and outgoing directions as inputs and each BTF requires sep-
arate training for the autoencoder. Later, Rainer et al. [RGIJW20]
extended this work by suggesting a shared latent space for differ-
ent materials. Xu et al. [XWH*23] developed a novel importance
sampling method for neural materials.Gauthier et al. [GFL*22]
proposed a technique for mapping normal maps to anisotropic
roughness levels. [ZRW*23] recently developed a neural rendering
model using transformation layers and an encoder-decoder struc-
ture. However, due to the need for more parameters in the dataset,
their model is not compatible with existing real BTF datasets. Fur-
thermore, it does not support materials with displacement.

Micro-geometry appearance models grapple with the granular
details of the material and provide high-fidelity rendering results.
The realistic rendering of fabrics, for instance, continues to be an
elusive goal despite substantial efforts [KSZ*15; MXF*21]. More
recently, Montazeri et al. [MGZJ20] introduced an efficient and
unified shading model for woven and subsequently knit [MGJZ21]
fabrics, though these models do not address multi-resolution. In
this study, we exploit their model to generate our fabric samples
for training data.

3. Our Method

In this section, we describe our neural method for modeling the ap-
pearances of complex materials exhibiting effects like shadows and
specular highlights that cannot be accurately handled by previous
neural models. Our model is inspired by NeuMIP [KMX*21] and
uses a novel network design. Further, our technique is compatible
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Figure 2: Overview of our neural architectureThe inputs are 2D

spacial coordinates (u), incident and outgoing directiong, @nd

Wo), then encoded using Fourier transformation. The encodés u

again updated based on the micro-geometry using the Neural tex- Figure 3: Our decoder architecture incorporates four layers of

ture pyramid [KMX*21]. We use the Inception modules illustrated CNN, unlike NeuMIP that uses MLPs. The main distinction lies

in Fig. 3 to decode the color output. Lastly, we employ a remapping in the central incorporation of two Inception modules, anked by

for optimized nal output color (R G%B9. two 1*1 convolution layers on both sides. This design choice signif-
icantly bolsters our performance due to its hierarchical structure.

with the more recent variant of NeuMIP [KWM*22] that utilizes

displacement mapping for more accurate silhouettes. features at four different scales using four kernel sizes that operate
in parallel.For the convolutions in the inception module, they take
all 25 channels as input. Each of these Inception module blocks
consists of four parallel pathways. The rst three pathways employ
convolutional layers with window sizes of 11,3 3,and 5 5,
respectively, to extract information at various spatial scales. The
middle two pathways initially apply a 1 1 convolution to the in-

3.1. Hierarchical Network Architecture put, which reduces the number of input channels and decreases the
model complexity. The fourth pathway makes use of a8max-
pooling layer, succeeded by a 11 convolutional layer to mod-

ify the number of channels. All four pathways introduce suitable
padding to ensure that both input and output dimensions, in terms
of height and width, remain consistent.

In what follows, we rst detail in 83.1 our network design—
which is crucial for better accuracy. Then, we explain in 83.2 our
optimization strategies to further improve the accuracy of the train-
ing process.

Overview of NeuMIPThe input to NeuMIP is a 7D parameter set
including the positioru, incoming and outgoing directiow;, and

Wo as well as the kernel size for pre Itering. Their pipeline con-
sisted of three main stages: (i) update the positiém compensate
the micro-geometry using a neural offset module; (ii) query a neu-
ral texture pyramid using the updated position to handle different  The output channel count for the Inception modules stands at
levels of detail; and (iii) pass the queried feature vector to a decoder 7+ 12+ 3+ 3= 25, with the output channel ratios for the four path-
network to obtain the re ectance value. ways beingrepresentedas 7:12:3:3:4:1: 1. Every Inception
[nodule is structured to support both an input and output of 25 chan-
nels. In our comparative study between fully connected networks
of equivalent depth and neuron count, the fully connected networks
displayed a noticeably lower performance. Moreover, ramping up
the number of neurons or opting for deeper fully connected net-
works did not lead to notable enhancements in their ability to cap-
Inception module:  To better capture high-frequency effects ture intricate details.

such as detailed highlights or shading variations, we use an Incep-
tion module (instead of MLP layers used in NeuMIP). The con-
tribution of our proposed architecture capturing the ne details is
exhibited in Fig. 4.

Our method uses the same three-step approach as NeuMIP bu
with several fundamental differences: we adopt the inception mod-
ule decoder to replace the NeuMIP decoder, and the latent texture
pyramid remains the same. This is shown in Figure 2 and detailed
as follows.

Input encodings: To further improve the effectiveness of our
method in handling detailed appearances, we adopt the position en-
coding that was originally introduced by NeRF[MST*21]. Specif-
ically, we incorporate high-frequency encoding for lighting direc-

Inception modules [SLJ*15] are specialized network blocks de- tion w; and camera directionsp, along with texture positiom.
signed to approximate an optimal local structure of a convolutional Rahaman et al. [RBA*19] showed that neural networks are biased
network. It allows multiple types of Iter sizes instead of a constant toward learning low-frequency functions and perform poorly at
one. Networks leveraging the Inception modules [SLJ*15] have representing high-frequency variation. Thus, we modify the MLP
been demonstrated capable of accurately preserving image featuredecoder by mapping its inputs to a high-dimensional space using
at both micro and macro scales. Fourier transformation [BB86] instead of directly operating on in-
put coordinates, such as in previous work. The Fourier transfor-
mations are applied to the inputs (wi, wo,u), mapping them to the
frequency domain.

Our core network architecture, which is predominantly based
on the Inception modules, is demonstrated in Fig. 3. The two
1 1 convolution layers at both ends serve the purpose of fully-
connected layers and adjust the input and output size. Central to This mapping signi cantly improves the ability of the network to
this design are the 4-layer Inception modules that capture the imagereconstruct highlights and capture high-frequency image features,
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