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Abstract

Texture editing is a crucial task in 3D modeling that al-
lows users to automatically manipulate the surface mate-
rials of 3D models. However, the inherent complexity of
3D models and the ambiguous text description lead to the
challenge in this task. To address this challenge, we pro-
pose ITEM3D, a Texture Editing Model designed for auto-
matic 3D object editing according to the text Instructions.
Leveraging the diffusion models and the differentiable ren-
dering, ITEM3D takes the rendered images as the bridge of
text and 3D representation, and further optimizes the dis-
entangled texture and environment map. Previous methods
adopted the absolute editing direction namely score distil-
lation sampling (SDS) as the optimization objective, which
unfortunately results in the noisy appearance and text in-
consistency. To solve the problem caused by the ambiguous
text, we introduce a relative editing direction, an optimiza-
tion objective defined by the noise difference between the
source and target texts, to release the semantic ambiguity
between the texts and images. Additionally, we gradually
adjust the direction during optimization to further address
the unexpected deviation in the texture domain. Qualita-
tive and quantitative experiments show that our ITEM3D
outperforms the state-of-the-art methods on various 3D ob-
jects. We also perform text-guided relighting to show ex-
plicit control over lighting.

1. Introduction

Texture editing is an important task in 3D modeling that
involves manipulating the surface properties of 3D models
to create a visually appealing appearance according to the
user’s ideas. With the increasing applications of 3D mod-
els in entertainment and e-shopping, how to automatically
generate and edit the texture of a 3D model without manual
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Figure 1. Motivation. (a) Previous methods [10, 38] with SDS
loss to directly guide the optimization leads to ambiguous details
due to the bias between texts and images (red line), while our
method introduces the relative direction between source and target
texts to the optimization process, eliminating the bias and improv-
ing the rendering results (green line). (b) The optimization in the
texture domain gives rise to the deviation of the target direction
(red line), thus we gradually adjust the direction to fine-tune the
optimization (fold green line).

effort becomes an appealing task in the field of 3D vision.
However, this task is challenging due to the complexity of
3D models and the special representation of the texture.

Recent advances have demonstrated the effectiveness of
generative models in synthesizing high-quality appearances
that are both visually pleasing and semantically meaning-
ful. The use of generative adversarial networks (GANs) [1,
11, 47, 56] has shown promising results in producing tex-
tures with intricate patterns and complex structures. Other
approaches, such as texture synthesis via direct optimiza-
tion [12, 13, 44, 63] or neural style transfer [2, 18, 31, 54],
have also been explored for their ability to generate textures
with specific artistic styles. However, the capacity of these
models is still unable to meet the need of real-world ap-
plications, which requires high-quality and diverse textures.
Meanwhile, recent researches [10, 24, 27, 28, 30, 32, 42] on
the diffusion models have emerged as a powerful new fam-
ily of generative methods, which achieve impressive gener-
ation results in natural images and videos, inspiring us to
introduce the awesome power into the task of 3D modeling.



However, directly applying the diffusion model to 3D
objects is a non-trivial task due to the following reasons. 1)
The gap between the 3D representation and natural im-
ages. Existing diffusion models are typically trained with
natural images, making the pre-trained diffusion model lack
prior knowledge in the 3D domain. Moreover, due to the
complexity of the 3D model, it would be difficult to jointly
edit shape, appearance, and shading, sometimes leading to
conflicts in optimization goals. Therefore, directly editing
the 3D representation may cause extreme semantic bias and
sacrifice inherent 3D topology. 2) The learning misdirec-
tion of text description. It is hard for text prompts to ex-
actly describe the target images at the pixel level, leading to
an ambiguous direction when taking the rendered images as
the bridge.

To solve these problems, we present an efficient model,
dubbed ITEM3D, which can generate visually natural tex-
ture corresponding to the text prompt provided by users.
Instead of directly applying the diffusion model to texture
editing in the 2D space, we adopt rendered images as the in-
termediary that bridges the text prompts and the appearance
of 3D models. Apart from the appearance, the lighting and
shading are also key components influencing the rendering
results. Therefore, we represent the 3D model into a trian-
gular mesh, a set of disentangled materials consisting of the
texture, and an environment map following nvdiffrec [36],
which accomplishes the disentangled modeling of both ap-
pearance and shading.

To optimize a texture and an environment map with the
diffusion model, a naive idea is to adopt the score distil-
lation sampling (SDS) [38] like previous diffusion-based
editing methods, which represents the absolute direction.
Unfortunately, the utilization of absolute direction, such
as SDS, often leads to noisy details and an inconsistent
appearance, due to the ambiguous description of the text
prompt for the target images. Inspired by the recent im-
provement [19], we replace the absolute editing direction
led by the score distillation sampling with a relative editing
direction determined by two predicted noises under the con-
dition of the source text and the target text respectively, as
illustrated in Fig. 1 (a). In this way, our model enables us
to edit the texture in obedience to the text while bypassing
the inconsistency problem by releasing the ambiguous de-
scription. It is ideal that the intermediate states between the
source and target text can give relatively accurate descrip-
tions for arbitrary rendered images during the optimization,
like the green straight lines in Fig. 1 (b). However, the opti-
mization in the texture domain actually shows the nonlinear
distortion of the appearance in rendered images, leading to
the deviation from the determined direction, like the red line
in Fig. 1 (b). To reduce the deviation caused by the texture
projection, we gradually adjust the editing direction during
the optimization, as green fold lines shown in Fig. 1 (b).

With the advent of the textural-inversion model, it can be
easy to automatically correct the description as the change
of the texture and its rendered images.

Thanks to the proposed solutions, our method overcomes
the challenges of domain gap and learning misdirection, ful-
filling the requirements of texture editing. In summary, our
contributions are:
• We design an efficient optimization pipeline to edit the

texture and environment map obedient to the text instruc-
tion, directly empowering the downstream application in
the industrial pipeline.

• We introduce the relative direction to the optimization of
the textured 3D model, releasing the problem of noisy de-
tails and inconsistent appearance caused by the semantic
ambiguity between the texts and images.

• We propose to gradually adjust the relative direction
guided by the source and target texts which addresses
the unexpected deviation from the determined direction
caused by the nonlinear texture projection.

2. Related Work

2.1. 3D Model Representation

Neural Radiance Field. Neural implicit representations
employ differentiable rendering techniques to reconstruct
3D geometry along with its corresponding appearance from
multi-view images. Neural Radiance Field (NeRF) [34] and
followup approaches [7, 29, 35, 41, 53, 55, 57, 60] utilize
volumetric representations and a neural encoder to compute
radiance field. These methods explicitly represent the spec-
ular reflection as the appearance embedding on the surface,
enabling the high-fidelity rendering results. While these ap-
proaches are capable of capturing complex view-dependent
appearances, they often suffer from poor surface reconstruc-
tion and limited relighting capabilities. To maintain the ge-
ometry quality, surface-based methods [14, 37, 52] intro-
duce an implicit surface to the volumetric representation,
resulting in improved geometry compared to pure NeRF-
based methods. Nevertheless, these representations require
excessive computation resources and still face challenges in
decoupling material components, lack of editability.
Neural Inverse Rendering. To solve the aforementioned
problem, another category of methods focuses on the de-
composition of rendering parameters. These methods intro-
duce inverse rendering to estimate surface, materials, and
lighting conditions simultaneously, achieving material edit-
ing and scene relighting. NeRV [46] and NeRD [3] decom-
pose the scene into the shape, reflectance and illumination
components, enabling rendering under varying lighting con-
ditions. NeRFactor [62] introduces a two-stage method to
separately reconstruct geometry and reflectance, simplify-
ing reflectance optimization. Nvdiffrec [36] additionally in-
troduces a differentiable model of environment lighting to



efficiently recover all-frequency lighting. Considering the
balance between appearance and editability, our proposed
method, ITEM3D, leverages this decomposed representa-
tion to enable efficient and natural texture editing while pre-
serving the topology of objects.

2.2. 3D Text-guided Generation

CLIP-based Generation. With the advent of large text-
image models, CLIP, recent works [21, 22, 33, 51] have
led to impressive progress in 3D text-driven synthesis. The
majority of methods adopt optimization procedures super-
vised by the CLIP similarity [39]. Specifically, CLIP-
NeRF [51] proposes a unified framework to manipulate
NeRF, guided by either a text prompt or an example image.
Similarly, CLIP-Mesh utilizes an explicit textured mesh as
a 3D representation, allowing for shape deformation along
with corresponding texture modifications based on the in-
put text. As the 3D-aware GAN gains popular, several
works [11, 16, 25] focus on the 3D stylization by fine-tuning
the 3D GAN under the guidance of the CLIP model. How-
ever, the main drawback of CLIP-guided generation is the
lack of diversity due to the deterministic embedding of the
target prompt.
Diffusion-based Generation. Apart from the CLIP-based
method, the diffusion model [20] has recently inspired huge
breakthroughs in 3D text-guided generation. These meth-
ods can be briefly classified into two categories, i.e., 3D
large generative models [9, 28, 45] and optimization for
specific 3D representations [6, 10, 17, 32, 38, 49, 59]. Large
models rely on large-scale 3D data to train a diffusion model
aware to 3D objects. One of these related methods, Point-
UV diffusion [58], proposes a two-stage architecture con-
taining a point diffusion and a UV diffusion to generate
textures for 3D meshes. Despite the fast inference, these
methods faces the challenges of low quality and poor gen-
eralization for the complex objects, due to the amount and
diversity of current 3D datasets.

Considering the limitation of data, more researchers fo-
cus on the optimization of 3D representation for the specific
objects. Dreamfusion [38] initially proposes the SDS loss as
a means to incorporate the 2D prior of Stable Diffusion [43]
into the generation of 3D domains. Following Dreamfu-
sion, several works [6, 32, 49, 59] incorporate the SDS
loss to directly optimize NeRF-like representations. Dif-
ferent from the NeRF representations, DreamGaussian [48]
adopts the recently advent Gaussian splatting as the 3D
representation and introduces the 3D pre-trained diffusion
model [28] to provide the additional geometry prior. Fanta-
sia3D [10] leverages the disentangled modeling, and learns
the geometry and appearance supervised by the score distil-
lation sampling. However, these SDS-based methods often
produce non-detailed and blurry outputs due to noisy gradi-
ents. In contrast, our ITEM3D utilizes the relative direction

to eliminate the semantic ambiguity of the target prompt
towards the texture. Recently, several works [8, 17, 40] uti-
lize 2D diffusion model [4, 61] to generate the initial image
guidance and alternatively refine the 3D model. Instruct-
NeRF2NeRF [17] introduces the NeRF optimization with
training images that are gradually updated by the Instruct-
Pix2Pix [4]. While their model can achieve high-quality
rendering results, the training process is too lengthy as they
need an updating strategy to maintain the 3D consistency
of NeRF representation during the editing process. Simi-
larly, Text2Tex [8] initializes one-view appearance for the
given mesh by the Controlnet [61] and progressively gen-
erates the novel-view texture while refining the existed tex-
ture. In contrast, the decomposed 3D representation of our
ITEM3D empowers us to directly optimize the disentangled
materials, texture map and environment map, which signif-
icantly improves the training efficiency.

3. Method
3.1. Overview

Given a set of multi-view images I = {I1, ..., In}, we first
reconstruct the 3D model with both geometry and texture,
and then edit the texture under the guidance of text prompts.
To this end, we design a zero-shot differentiable framework
that optimizes the disentangled materials of the object, i.e.,
texture map and environment map. We leverage a differ-
entiable rendering model to represent the 3D model as an
accurate shape and surface materials with texture and en-
vironment map (Sec. 3.2). For further editing of appear-
ance, we utilize the diffusion model to guide the direction
of the texture optimization given the target text prompt. To
solve the problem of ambiguous and noisy details, we in-
troduce the relative direction of source texts and target texts
into the optimization (Sec. 3.3). Moreover, we gradually
adjust relative direction to address the challenges of devi-
ation caused by the unbalanced optimization in the texture
domain (Sec. 3.4). The overview of our method is demon-
strated in Fig. 2.

3.2. 3D Model Representation

To accomplish disentangled editing, we decompose the 3D
model into a triangular mesh, a set of spatially varying ma-
terials and an environment map. The material model we
employ, denoted as (kd, korm, n), combines a diffuse term
kd, a specular term korm, and a normal term n following
the physically-based (PBR) material model introduced by
Disney [5]. This PBR material model can be seamlessly
integrated into existing industry rendering engines without
any change.

Additionally, for efficient representation of volumetric
textures, we leverage a multi-layer perceptron (MLP) to en-
code all material parameters into a compact representation.



Figure 2. Pipeline of 3D model texture editing. We render the 3D model with mesh, texture, and environment map into 2D images which
are then added with noise ϵ. We further separately use the target text and the gradually adjusted source text as the conditions to predict the
added noise via the U-Net. The difference between the two predicted noises serve as the relative direction to guide the optimization of the
materials and environment map.

Specifically, given a world space position x, we compute the
MLP texture, which includes the base color, kd, the specu-
lar parameters korm, and a tangent space normal perturba-
tion n. This mapping is formulated as x → (kd, korm, n).
With the introduction of neural texture representation, the
textures are initialized by sampling the MLP on the mesh
surface and then optimized efficiently, while maintaining a
fixed topology.

Following the rendering equation of the image-based
lighting model, we integrate all the incoming radiance
Li (ωi) from the environment map and compute the outgo-
ing radiance L in direction ωo using the following equation:

L (ωo) =

∫
Ω

Li (ωi) f (ωi, ωo) (ωi · n) dωi, (1)

where the f (ωi, ωo) represents the BSDF function, and the
integration domain is the hemisphere Ω around the inter-
section normal n. For real-time rendering, we employ the
split-sum approximation [23] and the integral radiance in
Eq. (1) is approximated as:

L (ωo) ≈
∫
Ω

f (ωi, ωo) (ωi · n) dωi∫
Ω

Li (ωi)D (ωi, ωo) (ωi · n) dωi.

(2)

The first term of this product only relies on the parame-
ters (ωi · n) and the roughness r of the BSDF f (ωi, ωo),
which is precomputed and stored in a 2D lookup texture.
Meanwhile, the second term is the integral of the incident
radiance with the GGX [50] normal distribution D, which
is also precomputed and stored by a filtered cubemap fol-
lowing Karis [23].

In order to learn the environment lighting from 2D im-
age observations, we employ a differentiable split sum
shading model. We represent the environment light as a

high-resolution cube map, which is the trainable param-
eters in the shading model. Owing to the precomputa-
tion and lookup mechanism, the rendering process from the
texture/normal/environment map to the 2D images can be
greatly accelerated. This approach serves as a bridge that
allows ITEM3D to directly optimize the texture and envi-
ronment map through rendered 2D images, rather than op-
timizing the complex 3D representation. As a result, the
number of parameters to be optimized is significantly re-
duced, leading to a more efficient editing process.

3.3. Relative Direction Based Optimization

To enable the appearance editing of 3D models using natu-
ral language, a direct idea is to utilize the diffusion model
that has been pre-trained in 2D images as knowledge prior.
Naively, we can use Score Distillation Sampling (SDS) loss,

∇θLSDS(ϕ,x = R(θ)) = Et,ϵ

[
w(t)

(
ϵωϕ(zt; y, t)− ϵ

) ∂x
∂θ

]
,

(3)
where x is the rendered images, t is the sampled time step,
zt is the t time step latent, w(t) is the weighting func-
tion that equals ∂zt/∂x, y is the text condition, ϵωϕ(zt; y, t)
is the predicted noise through classifier-free guidance, and
ϵ ∈ N(0, I) is the noise added to the rendered images. The
gradient of SDS loss gives an editing direction for our tex-
ture optimization, determined by the text prompt y. How-
ever, the SDS loss may harm the content of original images
with noisy details, because the text prior typically cannot
faithfully reflect the information of the image. It is known
that the entropy of an RGB image is significantly larger than
that of a text prompt. As a consequence, the misdescription
inevitably arises when taking the text prompt as the prior to
restore the high-quality image from the same-scale noise.
Therefore, even for a text prompt y0 describing the origi-
nal images, there exists a deviation related to the optimized
texture θ between the added noise ϵ and the predicted noise



ϵωϕ (zt; y0, t), which can be simply expressed as,

Dbias(θ, ...) ∝ ||ϵωϕ (zt; y0, t)− ϵ||. (4)

Thus, the gradient leads to a bias term from the original
input image, which can be expressed as,

n⃗bias =
∂Dbias(θ, ...)

∂θ
=

(
ϵωϕ (zt; y0, t)− ϵ

) ∂x
∂θ

. (5)

Moreover, for an arbitrary text prompt ytgt describing the
target editing texture, it could be considered that there ex-
ists a term of expected editing direction and a term of bias
discussed above,(

ϵωϕ (zt; ytgt, t)− ϵ
) ∂x
∂θ

= n⃗tgt + n⃗bias. (6)

As a result, the n⃗bias gives rise to the misdirection for the
optimization procedure.

To address these issues, it is ideal to find the accurate
editing direction n⃗tgt, while the term of n⃗bias is hard to es-
timate due to the diverse input images. To mitigate the gap,
it is natural to take the text guidance as a relative direction
rather than an absolute direction, enabling us to eliminate
the term of n⃗bias. The absolute direction of the source n⃗src

and the target n⃗tgt can be expressed as,

n⃗src =
(
ϵωϕ (zt; y0, t)− ϵ

) ∂x
∂θ

− n⃗bias, (7)

n⃗tgt =
(
ϵωϕ (zt; ytgt, t)− ϵ

) ∂x
∂θ

− n⃗bias, (8)

where n⃗src is actually the 0⃗ giving no extra information to
the input images. Inspired by the CLIP-directional loss im-
proved by the StyleGAN-Nada [15] and the denoising loss
proposed by the recent work [38], we utilize the difference
between the source n⃗src and the target n⃗tgt as the relative
direction of the target, which can be presented as,

n⃗tgt = n⃗tgt − n⃗src =
(
ϵωϕ (zt, ytgt, t)− ϵωϕ (x, y0, t)

) ∂x
∂θ

.

(9)
Therefore, the final gradient utilized for optimizing the tex-
ture can be presented as,

∇θLRDL(ϕ,x = R(θ)) =

Et,ϵ

[
w(t)

(
ϵωϕ(zt; ytgt, t)− ϵωϕ(zt; y0, t)

) ∂x
∂θ

]
.

(10)

3.4. Direction Adjustment

Different from the gradual transition in the nature image do-
main, the optimization of the texture domain unfortunately
shows an unexpected offset of the appearance in rendered
images. The inherent reason is that the complexity of ren-
dering leads to unbalanced optimization for the texture, with

some parts under-tuning and other parts over-tuning. This
appearance offset can be seen in some parts of the rendered
image, leading to the inconsistency between the source text
and the rendered images in the median period of the opti-
mization procedure. It is known that a source image with
an inconsistent text description means an optimization mis-
direction which leads to an unknown change in the edit-
ing results. Similarly, if a rendered image during the inter-
mediate optimization hops out of the direction between the
source text and the target text, it can be considered as an
inconsistent description of the source image when we take
the current median point as a relative beginning point. The
original editing direction is given by,

n⃗ori = n⃗tgt − n⃗src. (11)

If the optimization continues along the original direction, a
more severe deviation of the material will be attached to the
editing procedure.

To avoid the misdirection caused by the texture domain,
we propose to adjust the editing direction, gradually chang-
ing the source text prompt during our optimization process
of the texture map. The direction after adjustment ∆T̂i can
be represented as,

∆T̂i = ⃗̂ni − ⃗̂ni−1 = B(Ii)− B(Ii−1), (12)

where i is the optimization iteration and B (·) expresses
the inverse text generated by a pre-trained language-image
model BLIP-v2 [26]. As shown in the Fig. 1 (b), the direc-
tion is continually adjusted during the optimization so that
the new global direction n⃗i can be written as,

n⃗i = n⃗ori +
∑
j≤i

∆T̂j . (13)

By adjusting the optimization direction step by step, we
achieve more delicate and controllable editing, which can
be seen in Sec. 4.4.

4. Experiments
4.1. Experiment Setup

Dataset. In the experiments, we evaluate our model on the
NeRF Synthetic [34] dataset, Keenan’s 3D model reposi-
tory and a set of real-world products. The NeRF synthetic
dataset consists of 8 path-traced scenes with multi-view
images which we reconstruct into our textural mesh-based
representation via nvdiffrec [36]. The Keenan’s 3D model
repository and real-world dataset contains explicit mesh and
texture map for each 3D model.
Implementation Details. We optimize 3D models on one
RTX A6000 GPU with 48G memory. The procedure lasts
about 600 iterations within 10 minutes for each 3D model.



Figure 3. Performance on real-world objects. ITEM3D successfully transform the original cat toy into a vegetable tiger toy, the piggy
doll into a porcelain pig, and the sneaker into a golden sneaker with remarkable quality. In contrast, Text2Tex [8] and TEXTure [42]
both generate noisy textures resulting in low-quality rendering appearance. Instruct-NeRF2NeRF [17] achieves natural and text-consistent
appearance, but it fails to edit the material of the objects. It is noted that the text instructions given to the Instruct-NeRF2NeRF are slightly
different from other methods, i.e., “Make it into a vegetable tiger toy”, “Make it into a porcelain piggy toy” and “Make it into a golden
sneaker”, due to its special requirement.

4.2. Qualitative Results

Results on Real-world Objects. We perform our ITEM3D,
TEXTure [42] (SIGGRAPH 2023), Text2Tex [8] (ICCV
2023) and Instruct-NeRF2NeRF [17] (ICCV 2023) on a
real-world dataset, and the results are depicted in Fig. 3.
Our ITEM3D showcases remarkable texture editing capa-
bilities for real products, including a shoe, a piggy doll,
and a toy cat. For instance, when given the text prompt
“A vegetable tiger toy”, ITEM3D effectively transforms
the texture into that of a cute, furry tiger while preserv-
ing the structure of the original toy cat. Furthermore, when
the prompts involve both material and texture descriptions,
e.g., “A golden sneaker”, our model successfully bakes the
golden material instead of the original material into the tex-
ture and shows a realistic shoe. Similarly, the example of
“A pink porcelain piggy toy” also achieves realistic ma-
terial editing along with consistent texture modifications
as the provided text. Compared to our methods, Instruct-
NeRF2NeRF [17] fails to learn the materials of porcelain
and gold in the cases of the piggy toy and sneaker de-

spite the natural appearance. Meanwhile, it is difficult for
Text2Tex [8] and TEXTure [42] to handle complex objects,
resulting in low-quality appearances. Besides, Text2Tex
suffers from the problem of multiple heads in the exam-
ple of tiger toy, due to its patch-based texture learning.
These results clearly demonstrate the generalization ability
of ITEM3D in handling complex real-world objects.

Comparison on Synthetic Objects. We also com-
pare ITEM3D with the SDS-based optimization method,
and Instruct-NeRF2NeRF (IN2N) [17] in the NeRF syn-
thetic dataset without explicit mesh and texture, as shown
in Fig. 4. While the SDS-based method can edit textures
along the direction of the text prompt, its rendered images
show an unrealistic appearance and tend to overfit the text.
In contrast, ITEM3D and IN2N can render realistic images
with high quality while remaining consistent with the in-
put text prompt. However, IN2N has certain limitations in
comparison to our approach. For instance, when editing
chairs, IN2N produces results with smooth textures, while
our method captures more fine-grained details. Further-
more, when editing a ficus plant with the prompt “Turn the



Figure 4. Qualitative comparison on NeRF synthetic dataset. We conducted an analysis of our method with the state-of-the-art approach,
Instruct-NeRF2NeRF (IN2N) [17] and the simple SDS-based method. While both ITEM3D and IN2N demonstrate prompt-consistent
editing, the SDS-based method fails to yield satisfactory outcomes. Conversely, IN2N exhibits a loss of the original chair patterns and an
inability to faithfully represent natural wood patterns. Moreover, it lacks the necessary precision to accurately discern the edited object.

pot into a blue pot”, IN2N faces the challenge of distin-
guishing between the pot and the plant, resulting in both
elements being edited to the same blue color. The com-
parison indicates the effectiveness of the introduced relative
direction and direction adjustment.

4.3. Quantitative Results

We perform a quantitative comparison with Text2Tex [8],
TEXTure [42], and IN2N [17] on the editing quality, effi-
ciency and user study as presented in Tab. 1.
Editing Quality. To evaluate the semantic consistency, we
render 512 × 512 RGB images after texture editing, and
further compute the CLIP-Score of the rendered image and
corresponding target text. CLIP-score contains two parts,
i.e., global score and directional score. Global score mea-
sures the similarity between the target text and the editing
images, and directional score measures the similarity be-
tween two editing directions of text prompts and images,
which can be expressed as,

Scoreglobal =
Ttgt · Itgt

∥Ttgt∥∥Itgt∥
, Scoredirection =

∆T ·∆I

∥∆T∥∥∆T∥
,

(14)
where Ttgt and Itgt are the embedding of target text and
edited image encoded by the CLIP encoder, and ∆T and

∆I are expressed as,

∆T = Ttgt − Tsrc, ∆I = Itgt − Isrc. (15)

As shown, our method achieves better results than
Text2Tex, TEXTure and IN2N in both global score and di-
rectional score, demonstrating the superiority of our method
in the image quality and text consistency.
Editing Efficiency. Moreover, to demonstrate the edit-
ing efficiency of ITEM3D, we also compare the training
time and GPU memory with Text2Tex, TEXTure and IN2N.
Our findings demonstrate that ITEM3D exhibits compa-
rable time efficiency to TEXTure, while outperforming
Text2Tex and IN2N in texture editing. Moreover, our
method ITEM3D consumes less GPU memory compared
to other approaches.
User Study. Additionally, we perform a user study to fur-
ther assess the quality of editing objects. Users are re-
quired to rate on a scale of 1 to 5, based on the following
questions: (1) Are the edited objects realistic and natural
(Photo-realism)? (2) Do the edited objects accurately re-
flect the target text’s semantics (Text Consistency)? The
results demonstrate the superior quality with higher realism
and more text consistency of our proposed method as com-
pared to the baselines. The results of user study are also
consistent to the qualitative analysis that IN2N achieves nat-



Method Venue
Global
Score ↑ Directional

Score ↑ Training
Time ↓ GPU

Memory ↓ Photorealism ↑ Text
Consistency ↑

Text2Tex [8] ICCV 2023 0.294 0.121 15 min 10 GB 3.62 2.79
TEXTure [58] SIGGRAPH 2023 0.299 0.097 5 min 12 GB 3.03 2.41

IN2N [17] ICCV 2023 0.311 0.159 10 h 15 GB 4.26 3.36
ITEM3D (ours) — 0.333 0.174 8 min 9 GB 4.38 4.18

Table 1. Quantitative Comparisons. We report two CLIP-based scores, i.e., global score and directional score to evaluate the semantic
quality of rendered images. We also compare the editing time and memory consumption of four methods. Besides, we conduct a user study
with 33 participants. Each participant scores based on two evaluation criteria, i.e., photorealism and text consistency.

Figure 5. Ablation study of direction adjustment. The results
without adjustment show a wired appearance, i.e., a pale body of
the cattle and dual heads of the duck. However, with the appli-
cation of gradual adjustment, the unrealistic artifacts are released,
leading to a natural appearance.

ural image appearance but fails on text consistency, while
Text2Tex and TEXTure have lower image quality.

4.4. Direction Adjustment

In this section, we further study the necessity of direc-
tion adjustment. We perform the ablation study in Fig. 5.
Without the adjustment for the relative optimization direc-
tion, the texture shows a wired change that the duck gradu-
ally generates two heads and the color seems partially yel-
low and partially red. When applying the gradual adjust-
ment, the duck bypasses the unnatural change and smoothly
achieves the target appearance. The example of cattle shows
a similar trend. In this experiment, it can be noticed that
there exists unbalanced optimization for different parts of
the texture. The optimization scheme of simple pieces of
texture converges quickly, while more complex modifica-
tions require longer time, which in turn over-tunes easy
parts leading to poor results.

4.5. Relighting Application

The disentangled representation of the environment map
empowers ITEM3D to explicitly relight the 3D model. The
results of relighting are demonstrated in Fig. 6. The Lego

Figure 6. Relighting results. ITEM3D has capacity of explicit
control over the lighting direction by manipulating the environ-
ment map. Furthermore, ITEM3D can relight the 3D model based
on the text guidance via the optimization of the environment map.

cases show the capability to modify the lighting direction by
directly manipulating the environment map. Moreover, the
hotdog cases showcase the ability to guide relighting using
text prompts, while maintaining the texture constant. Dur-
ing the text-guided relighting, we fix the texture and mesh
components and focus on optimizing the environment map
based on provided text prompts, such as “dark”, “sunset”
and “bright light”. It proves that the diffusion model can
utilize the lighting prior information from 2D images to
guide the optimization for the environment map by lever-
aging the differential rendering process.

5. Conclusion and Limitations
In conclusion, our ITEM3D model presents an efficient so-
lution to the challenging task of texture editing for 3D mod-
els. By leveraging the knowledge from diffusion models,
ITEM3D is capable to optimize the texture and environ-
ment map under the guidance of text prompts. To address
the semantic ambiguity between text prompts and images,
we replace the traditional score distillation sampling (SDS)
with a relative editing direction. We further propose a grad-
ual direction adjustment during the optimization procedure,
solving the unbalanced optimization in the texture.

Despite the promising editing results, our ITEM3D still
remains several limitations which should be solved in fu-



ture work. The major limitation is that our method may
encounter challenges when dealing with complex and pre-
cise editing prompts. Another limitation is that it is hard to
edit the lighting direction directly by the guidance of text
prompt. Our further work aims to explore the UV mapping
between neural texture and rendered images to achieve the
disentangled and precise texture editing.
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Directional Texture Editing for 3D Models

Supplementary Material

Although the main paper stands on its own, it is still
worthwhile to provide more details. In this supplementary
document, we provide
• More qualitative results and additional comparisons
• Failure cases in precise editing.
• Broader impacts of our ITEM3D.
The code of our framework used in our experiments will be
made publicly available. Additionally, we also provide a
supplementary video that offers a brief introduction of our
work and showcases 3D results rendered by a camera fol-
lowing a circular trajectory.

6. Additional Qualitative Results
To begin with, we present additional qualitative results to
showcase generalized editing capabilities of our ITEM3D.
These results cover both real-world data and synthetic data.
In Fig. 9, we conduct extensive experiments on real-world
dataset, displaying multi-view rendered images and textures
before and after editing. These results illustrate the gener-
alization of our method for real-world applications. The 3D
models of these objects are also shown in our supplemen-
tary video. In Fig. 10, we also include additional results of
our ITEM3D on synthetic dataset, consisting of both mesh
and rendered images.

7. Compare with Baselines
To show the superiority of 3D consistency in 3D represen-
tations and knowledge prior in diffusion models, we also
compare our approach with two baselines: CLIP-NeRF and
a 2D baseline called ControlNet. We present the results of
this comparison in Fig. 7.

8. Failure Case
During the experiments, we have observed that our method
fails to precisely editing the correct part of the objects for
complex editing. As shown in Fig. 8, we attempted to add
a mustache to the cow. While it did generate a black mus-
tache, it inadvertently altered the mustache located on the
cow’s body instead of its face.

9. Broader Impacts
Our ITEM3D allows for delicate editing of material proper-
ties of 3D objects while maintaining their geometric struc-
ture and UV map. This approach has broad applications
in the gaming and e-shopping industries, where object ma-
terials can be edited through textual descriptions to create
various 3D objects. Our method can directly edit the object

Figure 7. Comparison with 2D baseline [61] and CLIP-
NeRF [51]. We compare the performances of three methods under
the prompt of “A real red excavator”. The 2D baseline, Control-
Net, successfully edits the input views into realistic red excavator,
however, the multi-view results lack 3D consistency. CLIP-NeRF
maintains 3D consistency, while failing to edit the color of excava-
tor. Our ITEM3D can both edit the texture according to the prompt
and keep the inherent 3D consistency. The collection of five-view
images currently exhibits distinct patterns and slight variations in
the chair’s color.

Figure 8. Failure case. Our method encounters challenges when
dealing with complex and precise editing prompts. Our approach
inadvertently alters the mustache located on the cow’s body in-
stead of its face.

materials through textual descriptions, seamlessly incorpo-
rated into the industrial modeling pipeline. However, it is
crucial to know that our method carries potential risks of
deception. Our work may be used in product forgery which
could become a threat to personal credit. We do not allow
any application of our work to such malicious acts.



Figure 9. Additional results on real-world dataset. We show both textures and multi-view rendered images before and after editing.



Figure 10. Additional results on synthetic dataset. The results of both mesh and rendered images are presented. We show the multi-view
rendered images of two text prompts for each 3D object.
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