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Abstract
This paper introduces a versatile multi-view inverse ren-

dering framework with near- and far-field light sources.
Tackling the fundamental challenge of inherent ambiguity
in inverse rendering, our framework adopts a lightweight
yet inclusive lighting model for different near- and far-field
lights, thus is able to make use of input images under varied
lighting conditions available during capture. It leverages
observations under each lighting to disentangle the intrin-
sic geometry and material from the external lighting, using
both neural radiance field rendering and physically-based
surface rendering on the 3D implicit fields. After training,
the reconstructed scene is extracted to a textured triangle
mesh for seamless integration into industrial rendering soft-
ware for various applications. Quantitatively and qualita-
tively tested on synthetic and real-world scenes, our method
shows superiority to state-of-the-art multi-view inverse ren-
dering methods in both speed and quality.

1. Introduction
The reconstruction of 3D scenes from multi-view RGB im-
agery has experienced significant advancements following
the development of Neural Radiance Fields (NeRF) [19],
and both the speed and quality of the reconstruction have
reached an unprecedented level [18, 20]. Despite these im-
provements, a common limitation is to represent only the
radiance field, which is a complex product of the external
lighting interacting with the intrinsic geometry and material
of the scene [11]. The entangled nature of this representa-
tion generally hampers the ability to accurately render the
scene under unseen lighting conditions, because the influ-
ence of the original lighting is embedded within the newly
rendered scene. Recent approaches [24, 41, 46] have in-
corporated inverse rendering [22] to separate material prop-
erties and lighting effects, extending the application of the
reconstruction beyond novel view synthesis to novel sce-
narios involving relighting and material editing [2]. Some
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Figure 1. Given multi-view images under possibly varied light-
ing, our method leverages all present lighting conditions to recon-
struct scene geometry and material disentangled with lighting. The
trained fields are extracted to textured meshes for seamless integra-
tion into industrial renderers for various applications.

methods [2, 6, 9, 21, 32] have advanced to the extraction of
detailed triangle meshes with material UV textures, which
can serve as economical and lifelike 3D models for gaming
and cinematography industries [9, 21], thereby marking a
transformative step in digital asset creation.

Inverse rendering presents several fundamental chal-
lenges, one of them being its severe inherent ambigu-
ity [41]. To combat this, multi-view inverse rendering
methodologies usually reduce the ambiguity by imposing
various constraints on each scene component. These meth-
ods can be categorized based on the assumption on the
amount and types of lighting conditions present in the input
images (Tab. 1). The majority of methods [9, 21, 24, 35, 36,
39, 41, 42] assumes the imagery to be captured under one
fixed lighting condition (rows 1, 2). However, in such sce-
narios, only one case of scene appearances among all pos-
sible cases under different lighting is observed, causing se-
vere lighting-material ambiguity, posing considerable dif-
ficulties to material estimation. In a bid to alleviate this am-
biguity, recent techniques [2, 6, 10, 12, 23, 32] utilize input
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Table 1. A summary of multi-view inverse rendering methods based on their assumptions and usages of input lighting conditions.

Methods # of far-field light # of near-field light Material optimization Lighting-material ambiguity Capture workload

(1) [24, 39, 41, 42] Single None
Only from single Strong Low

(2) NeILF [35] Single 5D incident light field

(3) [2, 10, 12, 32] a Multiple None Only from far-field Moderate High

(4) WildLight [6] Single Single Only from near-field Moderate Low

(5) Ours
Single Single

From near- and far-field
Weak Low

Multiple Single or multiple Almost none High
a These methods also support input images under single far-field lighting. In that case, they belong to single far-field lighting methods (row 1).

images under varied lighting to discern materials from light-
ing (rows 3, 4). This demands more complex lighting mod-
els. Existing varied-lighting methods [2, 10, 12, 23, 32] typ-
ically model multiple, but only far-field, lighting conditions
to maintain manageable unknown lighting parameters. This
means throughout the capture, the lighting setups should be
largely changed by either moving the objects to reconstruct
or adapting far-field light sources, causing increased work-
load to the data collection process. Alternatively, near-field
light sources, such as flashlights, can function as easily con-
trollable light sources for disambiguation. WildLight [6]
suggests the use of a camera-collocated flashlight in addi-
tion to the ambient lighting for inverse rendering. Never-
theless, it limits itself by using only the isolated appearance
under the flashlight for material estimation, not harness-
ing available observations under the ambient lighting and
degrading the quality of its estimated material (row 4).

Addressing the challenges and restrictions previously
outlined, this paper introduces VMINer, a Versatile Multi-
view Inverse rendering framework with Near- and far-field
light sources (row 5). The distinctive feature of our frame-
work is that it uses a lightweight yet inclusive lighting
model for different far- and near-field light sources and ef-
ficiently leverages available observations under each light-
ing to disentangle lighting from other components, mak-
ing the most of whatever lighting conditions are at hand
to boost the practicality and quality of the reconstruction,
as shown in Fig. 1. Although our method accepts the sim-
plest setting of inputs under single far-field lighting, a more
effective compromise is to employ an additional flashlight
to enhance quality without overly complicating the capture
process. The ideal scenario for the highest quality recon-
struction would involve capturing the scene under varied
far-field lighting and using a flashlight.

Nonetheless, implementing such a versatile framework
is far from straightforward. The method has to render
the scene under different lighting conditions, including
spatially-varying and changing ones to represent possibly
moving near-field lights. We propose to solve the prob-
lem by modeling near-field lights as point sources in 3D
space with adjustable positions and intensities, which could
be anisotropic and not necessarily camera-aligned (e.g.,

stationary desk lamps). This representation effectively ap-
proximates a broad range of common near-field lights and
is easy for spatially-consistent editing and optimization.
We use 3D implicit fields to model the scenes’ radiance,
shape, and material and minimize the error of the neu-
ral or physically-based re-rendered scene appearance under
each input lighting. To account for multiple lighting situ-
ations and moving near-field lights, we integrate specially
tailored multi-layer perceptrons (MLPs) that additionally
process light directions and embeddings. Post-training, the
fields are converted into a textured triangle mesh, ready
for seamless integration into industrial rendering software
like Blender [1], facilitating a broad spectrum of applica-
tions. Our extensive experiments, covering both synthetic
and real-world scenes, demonstrate that VMINer surpasses
prior methods quantitatively and qualitatively.

2. Related Work
Preliminary. The rendering equation [11] models the re-
flected radiance from any point on a surface as a result of
an intricate surface integral. This integral comprises con-
tributions from three fundamental scene components: light-
ing, material, and geometry. The equation is expressed as:

Lo(x,ωo) =

∫
Ω

Li(x,ωi)︸ ︷︷ ︸
lighting

f(x,ωi,ωo)︸ ︷︷ ︸
material

(ωi · n)+︸ ︷︷ ︸
geometry

dωi. (1)

In this equation, Lo(x,ωo) represents the radiance reflected
in the outgoing direction ωo from a surface point x in 3D
space. Ω denotes the unit hemisphere encompassing all in-
cident directions ωi with ωi · n > 0. Li(x,ωi) is the in-
cident radiance at x from direction ωi, and f(x,ωi,ωo) is
the bidirectional reflectance distribution function (BRDF),
denoting the ratio of light reflected along ωo at x from ωi.
The term (ωi·n)+, where x+ ≜ max(x, 0), signifies the co-
sine weakening factor. The incident lighting Li(x,ωi) may
originate from other points within the scene, necessitating
recursive evaluation of this integral.
Multi-view Inverse Rendering. Multi-view inverse ren-
dering techniques [2–4, 6, 9, 10, 12, 21, 23, 24, 34–36, 38–
43] generally employ implicit or explicit 3D fields to model
the scene’s geometry and material, while also estimating
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Figure 2. Bottom-left: VMINer takes as input multi-view RGB images with foreground masks under possibly varied far- and near-field
lighting. The total number of lighting conditions and their types should be given. Each image is illuminated by one far-field lighting whose
index is “far index”, and near-field lights whose on/off states are “near on/off”. Top-left: VMINer models each far-field lighting (fari) and
near-field lighting (neari) separately as parametric models, from which incoming radiance is queried at any position x and direction ω.
Bottom-mid: It utilizes 3D implicit representations for scene geometry, material, and radiance. Four MLPs process x and view direction v
encoded by different encoders enc{geo,mat,dir} with light embeddings F{far,near}i to get the SDF s, the neural appearance descriptor z, the
BRDF parameters β, and the radiance c{far,near}i under each lighting. Bottom-right: It then uses radiance field rendering to re-render the
appearance Crf,{near,far}i separately under each lighting condition, added up to Crf according to the per-image lighting condition. Top-
right: Physically-based surface rendering uses Monte Carlo integration to evaluate both direct illumination Ld{near,far}i with secondary
visibility and indirect illumination Lind{near,far}i . The rendered appearances are aggregated to Cpb. C{rf,pb} are compared with the
observation Cgt to train the scene model. Crf,{near,far}i are also used as additional supervision signals for Cpb,{near,far}i .

lighting to recreate the scene’s appearance. They optimize
each scene component from scratch by aligning the ren-
dered with the observed appearance, while avoiding poten-
tial local minima, which, although do not faithfully repre-
sent the scene, can replicate the observed input. Address-
ing this inherently ambiguous nature of inverse rendering,
these methods typically impose constraints on each scene
component. For geometry and material, assumptions of
known geometry [35, 36, 46] are made, along with lever-
aging the recovered shape from radiance fields [6, 10, 41],
adopting Lambertian or uniform materials [23, 39], con-
trolling BRDF parameter smoothness [10], or integrating a
learned BRDF latent space [41]. Regarding lighting, many
approaches presuppose known lighting conditions [24, 40]
or fixed lighting shared across input images [35, 38, 41, 42].
More recent techniques [2, 6, 10, 12, 23, 32] have turned
to using images with varied lighting conditions to mitigate
the lighting-material ambiguity. They typically accept in-
put images that can be grouped into sets, each illuminated
by one distinct and fixed far-field lighting. WildLight [6]
exceptionally employs a camera-collocated flashlight along
with fixed ambient lighting. However, it does not model the
ambient lighting and thus its material property estimation
relies exclusively on flashlight observations, where the light
and view direction always coincide [5], limiting its BRDF
estimation ability. Our VMINer, in contrast, accommodates

input images under single or multiple far-field lighting con-
ditions with near-field light sources and leverages each of
them to enhance the quality of the estimated material.
Lighting Models. Spatially-uniform (SU) lighting mod-
els rely on the assumption that the scene’s lighting orig-
inates from a distant source, modeled as spherical Gaus-
sians (SGs) [2, 10], spherical harmonics (SH) [12, 23],
or MLPs [32]. In contrast, spatially-varying (SV) light-
ing models acknowledge the presence of near-field light
sources, causing different locations to receive different inci-
dent lighting. They include parametric 3D lights [7, 17, 36,
37], outgoing light fields such as volumetric SGs [31] and
neural out-of-view lighting volumes [45], and incident light
fields like SV environment maps [47], SVSGs [16], and
neural incident light fields (NeILF) [35, 38]. Our VMINer
integrates distant lights as SGs and near-field lights as point
lights with adjustable position and intensity. It is less com-
plex compared to other SV lighting models, facilitating spa-
tially consistent editing and optimization, while being able
to approximate common lighting setups in real life.

3. Proposed Method
As illustrated in Fig. 2, VMINer reconstructs the scene
lighting (Sec. 3.1) and 3D fields (Sec. 3.2) from input im-
ages using differentiable rendering (Sec. 3.3). The training
scheme and loss functions are described in Sec. 3.4.

11802



3.1. Versatile Lighting Model

This subsection models the lighting term in Eq. (1) and cor-
responds to the top-left part of Fig. 2.

VMINer harnesses the diversity of lighting conditions
present in the input RGB images to disentangle lighting ef-
fects. The lighting model plays a crucial role here: 1) Since
lighting conditions are unknown initially, they must be op-
timized alongside other scene parameters using physically-
based rendering during training. 2) Different lighting se-
tups, each compatible with the model, are necessary dur-
ing the capture phase to achieve this goal. Given these pre-
requisites, it is essential to design a lighting model that ac-
commodates common far-field and near-field light sources,
while being lightweight enough for efficient and robust op-
timization and physically-based rendering. With these con-
siderations, we propose a versatile lighting model that is
both inclusive and lightweight. This representation models
far-field and near-field lighting separately as below.
Far-field Lighting. In our model, each far-field light-
ing condition i, where i belongs to the set NNfar

≜
{1, . . . , Nfar} and Nfar denotes the number of far-field
lighting, is represented using 128-lobe SGs [28] commonly
adopted in existing far-field lighting techniques [33, 39, 42].
For each lobe j of lighting i, there are six parameters: lobe
axis ξij ∈ S2, lobe sharpness λij ∈ R+, and lobe RGB
amplitude µij ∈ R3

+. The incident radiance from far-field
lighting i along direction ω at any 3D position x is calcu-
lated using the formula (ignoring visibility for now):

Lfari(ω) =
128∑
j=1

cijµije
λi(ω·ξij−1), (2)

where cij = λij/(2π(1−e−2λij )) acts as the normalization
factor related to roughness. Notably, x does not appear as
an input to Lfari , reflecting the nature of distant lighting.
Near-field Lighting. Each near-field lighting i, included
in the set NNnear

with Nnear representing the number of
near-field light sources, is modeled as a point light. These
point lights can have moving positions pi ∈ R3 and ex-
hibit anisotropic radiation characterized by lth-order (l can
be 0, 1, or 2) SH coefficients hi ∈ R3×(l+1)2 . Our method
accommodates two types of near-field lighting: camera-
collocated lights, positioned at the camera ray origin for
each image, and stationary lights, which remain fixed across
all images. We observe that in neural radiance field ren-
dering, the radiance under a stationary near-field light, es-
pecially when the light is active in all images, can be chal-
lenging to distinguish from radiance under far-field lighting.
Also, the radiance from these two sources aids in material
estimation in a similar way. Therefore, in practical applica-
tions, we favor using a moving flashlight as the near-field
light to provide unique information for material estimation.
The incident radiance from near-field lighting i at a 3D po-

sition x is computed as (also ignoring visibility for now):

Lneari(x,ω,pi) =


SH(ω;hi)

∥pi−x∥2
2

if ω = pi−x
∥pi−x∥2

0 otherwise
, (3)

where SH(ω;h) calculates the SH at direction ω with co-
efficients h, and 1/ ∥pi − x∥22 signifies the inverse-square
lighting attenuation for point lights. Here we include pi as
an input because it may be set differently across images. It
is important to note that with respect to the incident direc-
tion ω, Lfar is a continuous function, while Lnear is a dis-
crete function, being non-zero only in a single direction. As
a result, to render appearances under direct lighting, Monte
Carlo integration is essential for far-field lighting, while a
simple multiplication suffices for near-field lighting. Fur-
ther details about this process are provided in Sec. 3.3.

3.2. Geometry, Material, and Radiance Fields

This subsection models the material and geometry terms in
Eq. (1) and corresponds to the bottom-mid part of Fig. 2.
Geometry. Multi-view reconstruction methodologies
generally hinge on two geometry representations: volume
density [2, 10, 19, 41] and the signed distance function
(SDF) [33, 39, 42, 44] fields. We choose the SDF field
for our geometry representation due to its clearly defined
surface at the zero-level isosurface, which simplifies and
enhances the post-training mesh extraction process. Our
approach utilizes implicit fields as MLPs over explicit
structures like voxel grids for their compactness and
flexibility. For each 3D position x, a multi-resolution hash
grid [20] is first employed for positional encoding, yielding
a feature vector encgeo(x) ∈ R16. The geometry MLP
Mgeo then predicts the SDF value at x:

s(x), z(x) = Mgeo(x, encgeo(x)), (4)

where s ∈ R represents the signed distance (positive outside
the surface, negative inside), and z ∈ R13 is a descriptor of
local appearance. To maintain differentiability in rendering
and to aid in geometry optimization, during training we ap-
ply NeuS [29] techniques to transform SDF values along
rays into volume densities. The surface normal n ∈ S2 is
derived as the gradient of the SDF s with respect to x:

n(x) =
∂s

∂x

/∥∥∥∥ ∂s∂x
∥∥∥∥
2

. (5)

Mgeo only approximates a strict SDF field that has
∥∥ ∂s
∂x

∥∥
2
=

1, so we normalize n to ensure it is a unit vector.
Material. For accurate scene material recovery using
physically-based re-rendering, it is imperative to model the
material in such a way that the renderer can query the BRDF
at any point on the surface. Considering that material prop-
erties are independent of lighting and view directions, we
represent the scene’s material through an implicit 3D field,
much like the SDF field utilized for geometry. To achieve
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this, we employ another multi-resolution hash grid encmat

for positional encoding. We adopt the simplified GGX
BRDF model [27] with a fixed fresnel parameter to help al-
leviate ambiguity. The material MLP, Mmat, is tasked with
predicting the SVBRDF parameters β(x):

β(x) = Mmat(x, z,n, encmat(x)). (6)

Radiance. Although our method does not strictly require
a radiance field for rendering scene appearance – given
that appearance could be rendered solely using physically-
based surface rendering (PBR) – we find that incorporating
a radiance field at the start of training significantly eases
the optimization of scene geometry and appearance. PBR,
while physically accurate, tends to introduce instability and
slow down the training process due to its inherent ambi-
guity and computational intensity. Moreover, the radiance
field-rendered results can serve as supplementary supervi-
sion, aiding PBR in better separating scene appearance un-
der each lighting condition and thus further diminishing
lighting-material ambiguity. Hence, we deploy radiance
MLPs to predict view-dependent and lighting-dependent ra-
diance at each position. For each lighting condition i, a light
embedding F{far,near}i

∈ R16 is utilized. The view direc-
tion v ∈ S2 is processed through directional encoding that
projects it onto the coefficients of the 3rd-order SH basis,
yielding encdir(v) ∈ R42=16 [20]. The far-field radiance
MLP Mfar computes the outgoing radiance cfari from posi-
tion x along view direction v under far-field lighting i:

cfari(x,v) = Mfar(x, z,n, encdir(v),Ffari), (7)

where we incorporate the surface normal n as an additional
MLP input, following Instant-NSR [44] and WildLight [6],
as this has shown to aid shape recovery.

The near-field radiance MLP differs slightly, as near-
field lighting can move in different images, thus the cur-
rent light position pi is a necessary input. Additionally,
the radiance under near-field point light takes the form of
the rendering equation Eq. (1) without the integral, allow-
ing the incoming radiance and cosine term to be explicitly
included. We follow ReNe [25] to input the relative direc-
tion of the point light ωi =

pi−x
∥pi−x∥2

instead of the absolute
position pi into the MLP. Therefore, the outgoing neural
radiance cneari under near-field lighting i is calculated as:

cneari(x,v,pi) = Mnear (x, z,n, encdir(v),Fneari ,ωi)

⊗ Lneari(x,ωi)

∥pi − x∥22
(ωi · n)+, (8)

where ⊗ denotes element-wise multiplication. On the right
side, the second term denotes the incident radiance attenu-
ated by square distance, the third term denotes the cosine
weakening factor, and Mnear accounts for other factors like
reflectance and visibility. Owing to the instability of these
terms at the training’s outset, we use an annealing strategy,

as recommended in prior works [44], gradually replacing
default values (e.g., 1 for incident radiance) with those op-
timized during training, to ease through the process.

3.3. Differentiable Rendering

To simplify the notation, we omit pi and the lighting in-
dex i in the equations within this subsection. Our approach
optimizes the lighting alongside the implicit fields primar-
ily by reducing the discrepancy between the observed and
differentiably re-rendered appearances. The re-rendering is
accomplished using two types of renderer: a neural radiance
field renderer (Fig. 2 bottom-right) and a physically-based
surface renderer (Fig. 2 top-right; Eq. (1)). We handle each
lighting condition separately in rendering, and then aggre-
gate the results based on per-image lighting condition.

Volume Rendering for SDF Field. Consider a camera
ray r(t) = o + td (t > 0), with o ∈ R3 as its origin and
d ∈ S2 as its direction. We incorporate importance sam-
pling using an occupancy grid [14] to get N ≤ 1024 points
along this ray, denoted as r(ti), i ∈ NN . Utilizing tech-
niques from NeuS [29], we transform the signed distances
s(r(ti)) into discrete opacity values as follows:

αi =

(
Φb(s(r(ti)))− Φb(s(r(ti+1)))

Φb(s(r(ti)))

)+

, (9)

where Φb(s) = 1/(1 + e−bs) is the cumulative opacity dis-
tribution function. The parameter b is trainable and tends
to increase during training, focusing opacity more narrowly
around the surface where s = 0. The accumulated transmit-
tance is then calculated as Ti =

∏i−1
j=1(1− αj).

Neural Radiance Field Rendering. The color Crf of a
camera ray under either far- or near-field lighting condi-
tions, as rendered through the neural radiance field, is de-
termined by accumulating the radiance along the ray’s path:

Crf,{far,near}(o,d) =
N∑
i=1

Tiαic{far,near}(r(ti),−d). (10)

This formula sums the radiance from each sampled point to
yield the color of the ray under the specified lighting.

Physically-based Rendering. Our method employs dif-
ferentiable surface rendering, modeling the observed radi-
ance as reflected from a single surface point. We com-
pute the depth t of this surface point similarly to Eq. (10):
t =

∑N
i=1 Tiαiti. Accumulation along the ray also ap-

plies to the BRDF parameters β and the surface normal
n. For each input lighting, we render the appearance that
models secondary visibility and indirect illumination. The
rendering method under direct illumination differs for far-
and near-field lighting. For direct far-field lighting Ldfar,
we employ Monte Carlo integration to evaluate the render-
ing equation (Eq. (1)) as the incident light comes from all
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directions:
Cpb,dfar(o,d) = Lo(r(t),−d)

=
1

S

S∑
s=1

Ldfar(r(t),ωs)f(r(t),ωs,−d)(ωs · n)+

p(ωs)
,

(11)

where S is the number of sampled directions, ωs a sam-
pled incident direction, and p(ωs) the probability density
function (PDF) for the sampled direction. We use multi-
ple importance sampling [26] to combine evaluations from
different strategies: BRDF importance sampling [13], SG
lighting importance sampling [33], and cosine importance
sampling. we follow differentiable rendering works [15] to
use a small S = 20, as stochastic gradient descent handles
noisy gradients. The incident radiance, now taking the visi-
bility of light sources into account, is given by:

Ldfar(r(t),ωs) = Lfar(ωs) V (r(t),ωs), (12)

with V (r(t),ωs) ∈ [0, 1] representing visibility, or the in-
verse of the accumulated opacity along a secondary ray
rsec(t

′) = r(t) + t′ωs, (t′ > 0), computed in a manner
akin to Eq. (10). For direct near-field lighting Ldnear, the
integral in Eq. (1) simplifies to a multiplication, as the light
originates from a single direction:

Cpb,dnear(o,d) = Ldnear(r(t),ω)f(r(t),ω,−d)(ω ·n)+,
(13)

where ω = (p − r(t))/ ∥p− r(t)∥2 is the direction of in-
cident light, and Ldnear(r(t),ω) is the potentially occluded
incident radiance, computed similarly to Eq. (12).

Indirect illumination Lind, relevant to both far-field and
near-field lighting, considers radiance reflected from the
scene itself, potentially from all directions, thus neces-
sitating Monte Carlo integration. The neural radiance
field Crf substitutes multi-bounce path tracing for indi-
rect illumination, given its encapsulation of the scene
radiance under infinite lighting bounces. The radiance
Cpb,ind{far,near} from indirect illumination is evaluated
similarly to Eq. (12), but with the Ldfar replaced by the in-
direct lighting Lind{far,near}:

Lind∗(r(t),ωs) = c∗(x
′,−ωs)(1− V (r(t),ωs)), (14)

where x′ is the intersection of the secondary ray rsec(t
′)

with the scene geometry. The radiance from indirect illu-
mination is also computed for each lighting condition sep-
arately, then combined with direct illumination to yield the
complete PBR radiance for the camera ray under a specific
lighting condition:

Cpb,{far,near} = Cpb,d{far,near} +Cpb,ind{far,near}. (15)

3.4. Training

Training Schemes. Our training process is divided into
two sequential stages. In the first stage, the focus is on
training the geometry and radiance field without employ-

ing PBR. The objectives are: 1) to recover the scene’s ge-
ometry, 2) to distinguish the appearance under each light-
ing condition, a necessity due to the potential presence of
multiple light sources in one image, and 3) to utilize the re-
constructed radiance field for indirect illumination. In the
second stage, we train the material field and scene lighting
using PBR, aiming to estimate material properties.

Loss Functions. We average the loss functions across
batches of camera rays. During the first stage, our loss func-
tion compares the total re-rendered radiance under all light-
ing conditions present in an image – including a far-field
light i and any active near-field lights – with the ground-
truth (GT) color Cgt from the input observation. This com-
parison trains the geometry and radiance field:

Lrf = ∥Crf,fari +
∑

near i is on

Crf,neari −Cgt∥22. (16)

The Eikonal loss [8] is applied to the gradients of the SDF
values s for geometric regularization:

Leik =
N∑
j=1

Tjαj

(∥∥∥∥∂s(r(tj))∂r(tj)

∥∥∥∥
2

− 1

)2

, (17)

A silhouette loss using GT alpha αgt from the foreground
mask and a normal smoothness loss [41] aid shape recovery:

Lsil = ((1− TN+1)− αgt)
2. (18)

Lns =
N∑
j=1

Tjαj (n(r(tj))− n(r(tj) + ϵ))
2
, (19)

where ϵ ∈ R3 is a small random perturbation. The total loss
for stage one is Lrf + λeikLeik + λsilLsil + λnsLns, with
λ∗ representing the loss weights. In stage two, PBR colors
replace radiance field-rendered colors for comparison with
Cgt, and a novel self-consistency loss is introduced between
neural and PBR radiance under each lighting for additional
supervision. The direct supervision loss Lpb mirrors Lrf ,
with Crf,{far,near}i

replaced by Cpb,{far,near}i
. The per-

lighting self-consistency loss Lcon is defined as:

Lcon =

N{far,near}∑
i=1

∥∥Crf,{far,near}i
−Cpb,{far,near}i

∥∥2
2
. (20)

This loss is crucial for discerning contributions from
each lighting in images with multiple active light sources,
thereby reducing ambiguity and improving material estima-
tion. A material smoothness loss Lms is used similar to Lns.
The total loss for stage two is Lpb + λconLcon + λmsLms.

Our model is trained on an NVIDIA RTX 3090 GPU for
a total of 40,000 steps. The first 30,000 steps of stage one
take about 20 minutes, while the subsequent 10,000 steps
of stage two require about 40 minutes. Post-training, we
follow a procedure similar to WildLight [6] to extract the
fields into textured meshes, which can be easily integrated
into industry-standard rendering software like Blender [1],
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Table 2. Quantitative comparison results with state-of-the-art methods averaged on 6 synthetic scenes. We show results of surface normal,
diffuse albedo, view synthesis RGB, free-viewpoint (FV) relit RGB, the specular reflection part of FV relit RGB, and training time on a
single RTX 3090 GPU. We mark the best and the second best results in each column. ↑ (↓) means bigger (smaller) is better.

Method Input lighting Normal Albedo View synthesis FV relit FV relit (spec)
Time

conditions MAngE↓ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑

(1) TensoIR [10]
Single far-field

17.66 26.48 0.921 29.48 0.912 28.18 0.901 28.30 0.861 300 mins
(2) NVDiffRecMC [9] 16.24 26.52 0.915 27.13 0.913 26.61 0.901 25.57 0.836 150 mins
(3) Ours 12.39 24.50 0.882 28.20 0.934 27.46 0.921 27.56 0.871 45 mins

(4) WildLight [6] Single far-field + 11.49 28.86 0.940 29.87 0.929 30.44 0.930 27.71 0.863 1440 mins
(5) Ours Flashlight 10.89 31.62 0.953 32.09 0.953 32.00 0.953 30.75 0.906 60 mins

(6) TensoIR [10] Two far-field 16.24 27.18 0.929 29.68 0.912 28.66 0.902 28.46 0.863 300 mins
(7) Ours 11.70 26.07 0.902 29.59 0.942 29.27 0.934 29.09 0.890 45 mins

(8) Ours Two far + Single near 10.79 32.04 0.957 32.10 0.950 32.38 0.954 31.40 0.910 60 mins

enabling fast and high-quality rendering suitable for various
applications. Check the supplement for more details.

4. Experiments
Our experiments involve a comprehensive comparison
with state-of-the-art methods (Sec. 4.2), ablation stud-
ies (Sec. 4.3), and evaluations on both synthetic datasets
(Sec. 4.1) and real-world images (Sec. 4.4). The supplement
shows further data creation details and more experiments.

4.1. Synthetic Datasets

We collect 6 synthetic scenes comprising a variety of scene
geometries and materials. For training, each scene is ren-
dered under four distinct lighting setups: 1) single far-field
light, 2) single far-field light with a camera-collocated flash-
light, 3) two far-field lights, and 4) two far-field lights with
a near-field light source. We render 100 training images
per setting using random viewpoints and per-image light-
ing conditions. The far-field lighting from the first setting is
used in subsequent settings, with the last two sharing their
far-field lighting. For testing, 200 images under one com-
mon far-field lighting are rendered to assess novel view syn-
thesis under seen lighting, and another 200 under unseen
far-field lighting to evaluate free-viewpoint (FV) relighting,
which largely depends on the geometry and material esti-
mation quality. This methodology provides a relatively fair
comparison across methods with different abilities regard-
ing supported input lighting conditions, trained under simi-
lar conditions and tested all using the same sets.

4.2. Comparison with State-of-the-art Methods

We compare our method with leading multi-view inverse
rendering methods under each input lighting scenario. For
single far-field lighting inputs (Tab. 1 row 1), we compare
with NVDiffRecMC [9] and TensoIR [10] (single-lighting
input). For multiple far-field lighting scenarios (Tab. 1 row
3), we compare with TensoIR [10]. For setups involving a
far-field light and a flashlight (Tab. 1 row 4), we compare

with WildLight [6]. We use Blender [1] for high-quality
relit results for our method, WildLight [6], and NVD-
iffRecMC [9], importing trained SDF and material fields
as textured meshes. Since TensoIR [10] employs density-
based geometry and cannot extract high-quality meshes, we
utilize its differentiable renderer for relighting.

Our quantitative comparison employs mean angular er-
ror (MAngE), peak signal-to-noise ratio (PSNR), and struc-
tural similarity (SSIM) [30] metrics for surface normal, dif-
fuse albedo, view synthesis RGB, free-viewpoint (FV) relit
RGB, and specular reflection of FV relit RGB. We follow
NeRFactor [41] in assuming albedo and lighting brightness
as scale-invariant, necessitating metric comparisons using
corresponding scales. For visualization and metrics, we
scale each RGB channel of albedo and relit images from all
methods by a global scale to minimize mean squared error
against ground truth.

The quantitative results are detailed in Tab. 2. We ob-
serve that when only input images under single far-field
lighting are available (rows 1-3), our method gives com-
parable results as TensoIR [10] and NVDiffRecMC [9].
Adding a flashlight (rows 4, 5) significantly helps in geom-
etry and material estimation (comparing rows 3, 5), where
the greatest improvement is made regarding the diffuse
albedo. Also, our method clearly surpasses WildLight [6]
in both quality and speed in this setting. Leveraging another
far-field lighting condition (rows 6, 7) brings similar effects
as using a flashlight, but generally with a lower degree of
improvement. Further adding a flashlight (row 8) gives the
best results among all settings and methods, but the gain is
marginal compared to the setting of single far-field lighting
with a flashlight (comparing rows 5, 8).

Fig. 3 shows the qualitative comparison on two synthetic
scenes: LEGO (left) with detailed geometry, and TROOPER
(right) with highly-reflective SV materials. The results
show that our method predicts more detailed and faithful
shape, diffuse albedo, and specular parameters that could
produce accurate and realistic relit results under unseen
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Figure 3. Comparison with state-of-the-art methods. We test NVDiffRecMC [9] (single far-field lighting in input), TensoIR [10] (two
far-field lighting in input), and WildLight [6] and our method (single far-field lighting with a flashlight in input) on two synthetic scenes.
The intensity of the specular reflection is multiplied by 3× for the visualization purpose. Please zoom in for details.

Table 3. Ablation study on our method using inputs under single
far-field lighting with a flashlight.

Model
Normal Albedo FV Relit Relit (spec)

MAngE↓ PSNR↑ PSNR↑ PSNR↑

(1) w/o Lcon 8.452 27.70 29.85 29.08
(2) Mod. cnear 8.572 27.79 30.03 28.87
(3) w/o encmat 8.263 27.79 30.07 28.92
(4) Full model 8.298 28.05 30.19 29.36

lighting. In contrast, WildLight [6] tends to overly smooth
geometry and material. TensoIR [10] can not handle highly-
reflective surfaces, and lighting is baked into its predicted
diffuse albedo for TROOPER.

4.3. Ablation Studies

In Tab. 3, we quantitatively evaluate ablation models on a
subset of our synthetic scenes: 1) the model excluding the
self-consistency loss Lcon, 2) the model where the output of
the near-field radiance MLP is not explicitly multiplied by
the cosine weakening factor and incident radiance (Eq. (8)),
3) the model with encmat(x) replaced by encgeo(x). The
results show that all the above techniques enhance the ge-
ometry and materials estimated by our method.

4.4. Real-world Results

Fig. 4 shows the results of our method on two real-world
scenes captured under single far-field lighting and a flash-
light. Our method faithfully recovers the geometry and ma-
terial of the objects and produces realistic relit results.

5. Conclusion
We introduce a versatile multi-view inverse rendering
framework, distinguished by its ability to leverage input im-
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Figure 4. The results of our method on two real-world scenes, us-
ing multi-view images under one ambient lighting and a flashlight.
The specular reflection intensity is increased for visualization.

ages under varied far- and near-field light sources available
in capture for better geometry and material estimation.
Limitations. VMINer does not model the background, ne-
cessitating a foreground mask for each image. It also does
not consider unknown tone-mapping curves applied dur-
ing the image signal processing (ISP) stage, using a fixed
curve with γ = 2.2 to the computed linear radiance. It
depends on distinguishing the contribution from each light-
ing, which implies that, for optimal results, near-field light
sources should be switched on/off during capture.
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