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Abstract

Neural implicit fields are powerful for representing 3D
scenes and generating high-quality novel views, but it re-
mains challenging to use such implicit representations for
creating a 3D human avatar with a specific identity and
artistic style that can be easily animated. Our proposed
method, AvatarCraft, addresses this challenge by using dif-
fusion models to guide the learning of geometry and tex-
ture for a neural avatar based on a single text prompt. We
carefully design the optimization framework of neural im-
plicit fields, including a coarse-to-fine multi-bounding box
training strategy, shape regularization, and diffusion-based
constraints, to produce high-quality geometry and texture.
Additionally, we make the human avatar animatable by de-
forming the neural implicit field with an explicit warping
field that maps the target human mesh to a template human
mesh, both represented using parametric human models.
This simplifies animation and reshaping of the generated
avatar by controlling pose and shape parameters. Extensive
experiments on various text descriptions show that Avatar-
Craft is effective and robust in creating human avatars and
rendering novel views, poses, and shapes. Our project page
is: https://avatar-craft.github.io/.

1. Introduction
Creating human avatars is crucial for content generation

in various immersive media, where users can alter the char-
acter to a specific identity, apply an artistic style, or ani-
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mate with simple motion control. While traditional manual
authoring of digital characters often involves cumbersome
and time-consuming efforts from skilled artists, the recent
progress in human digitization has shown exciting potential
towards more user-friendly solutions. Nevertheless, avatar
generation still faces a set of tough challenges. First of all,
intuitive control is highly coveted for the system to under-
stand specific user needs in the most natural form. Second,
the generated avatars should be immediately ready for ap-
plications such as view synthesis, scene composition, and
retargetable animation. Finally, the avatars should be of
high quality, considering both the overall visual fidelity and
preservation of target styles or identities in geometry and
texture, especially when being manipulated or animated.

Significant efforts have been made in search of natu-
ral user controls for avatars. One representative stream of
works [7, 2, 11, 47, 52, 51, 50] takes reference images
to stylize an avatar. Unfortunately, finding suitable refer-
ences that perfectly match the desired shape and appear-
ance is not always easy, substantially limiting real-world
use. On the other hand, text prompts are attracting more
attention as a more natural control for generating high-
quality 3D avatars, with the recent advances in large-scale
vision-language models. In particular, text-to-3D avatar
creation [16, 56, 31, 53] is explored by leveraging the zero-
shot generation ability of Contrastive Language-Image Pre-
Training (CLIP) [41]. Following this trend, our work also
tackles the problem of text-guided avatar creation. In par-
ticular, we aim at high-quality 3D avatar generation, which
not only supports static view synthesis but also allows for
controllable animation.

Text-driven avatar creation poses great challenges in pro-
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ducing high-quality geometry and texture while providing
flexible animation capabilities. Existing methods [31, 56,
16] address these challenges by adopting cross-modal su-
pervision to guide the generation and modeling avatars as
explicit meshes to support skeleton-driven animation [16].
However, despite the powerful representational capabil-
ity of CLIP, due to the semantic structures and complex
deformations of human bodies, these methods oftentimes
struggle to produce detailed and consistent appearances for
avatars [56]. On a parallel thread, the pioneering text-
conditional diffusion models [39, 27] demonstrate stronger
text-to-3D generation ability compared to CLIP. However,
these approaches focus on general static objects rather than
animatble human avatars. To address these challenges, for
the first time ever, we propose to tackle text-guided avatar
creation leveraging a diffusion model for guidance, leading
to improved results in terms of consistency and quality.

Additionally, instead of mesh-based representations [31,
56], we exploit neural implicit fields [33, 54] to represent
the avatar, which allow for volume rendering and generate
high-quality novel views, making them especially advan-
tageous for complex topology reconstructions and photo-
realistic renderings. The implicit representation also makes
it straightforward to composite the avatar with any implicit
3D scene while preserving realistic occlusions. To animate
the avatar, we use SMPL to directly deform the neural im-
plicit field, which enables a flexible way to animate and re-
shape the avatar by controlling the pose and shape parame-
ters of SMPL, without requiring additional training.

In this paper, we propose AvatarCraft, an approach for
transforming text into neural human avatars, which uses
diffusion models to stylize the geometry and texture, with
shape and pose controlled by parametric human models.
Our method starts with a bare neural human avatar as the
template. Given a text prompt, we use diffusion models [43]
to guide the creation of a human avatar by updating the
template with geometry and texture that are consistent with
the text. However, directly applying diffusion models [43]
can lead to distorted geometry and textures as the diffusion
loss [39] is sensitive to the input resolution and biased to-
wards geometry modeling. To address this issue, we design
a novel coarse-to-fine multi-bounding-box training strategy,
where the diffusion model guides the creation at multiple
scales to improve the global style consistency while pre-
serving fine details. We also introduce a shape regular-
ization method to penalize the accumulated ray opacity of
the avatar, to stabilize the optimization process. Regard-
ing avatar animation, unlike skeleton-driven mesh anima-
tion in previous approaches [16], our method defines an ex-
plicit warping field that maps the target human parameter-
ization to the template human avatar and uses the warping
field to deform the neural implicit field directly. Overall,
our method enables parametrized shape and motion control

of avatars and supports high-quality novel view synthesis,
scene composition, and animation simultaneously. In sum-
mary, our contributions are as follows:

• We present a text-guided method for creating high-
quality 3D human avatars that outperform previous ap-
proaches by using diffusion models as guidance.

• Our method enables easy animation and reshaping of
neural avatar radiance fields using only the pose and
shape parameters of the SMPL model, without requir-
ing any additional training.

• We demonstrate the ability to composite our neu-
ral avatar radiance fields with real neural scenes for
occlusion-aware novel view synthesis.

2. Related Works
Neural Implicit Fields. To represent 3D objects, previ-

ous approaches mainly utilize explicit representations like
point clouds [3, 28], voxels [10, 23], and meshes [21, 15,
11, 58]. Due to the limited representative ability, these ap-
proaches can hardly synthesize high-fidelity novel views.
Recently, led by the pioneering work of NeRF [32], the ad-
vances in neural implicit fields [32, 54, 55, 33, 40, 37] have
sparked research into representing 3D objects via a continu-
ous function, producing photo-realistic novel views by vol-
ume rendering. Specifically, NeuS [54] and VolSDF [55]
are proposed to improve NeRF [32] by representing the
geometry using a sign distance field (SDF) instead of oc-
cupancy. Training such an implicit function takes a long
time due to large amount of parameters in multi-fully con-
nected layers. Instant-NGP [33] reduces the training cost
by imposing a smaller network without sacrificing quality.
This network is augmented by a multiresolution hash ta-
ble of learnable feature vectors, which significantly reduces
the number of floating point and memory access operations,
allowing for fast training of high-quality neural graphics
primitives. Therefore, to improve the geometry and reduce
the training cost, we combine NeuS and Instant-NGP as our
basic architecture. Although the aforementioned methods
improve convergence at the cost of a little precision, they
can only model static scenes. Recent works [40, 37, 48, 42]
extend the static neural implicit fields to dynamic ones with
an implicit deformation network to warp sampled points
along the ray to deform a template. Unlike them, instead of
optimizing a deformation network to learn a warping field,
we deform the neural implicit fields based on the paramet-
ric human model (i.e. SMPL). We define an explicit warp-
ing field by calculating a local transformation between the
source SMPL mesh and the target one while aligning the
source mesh to the neural implicit fields.

Diffusion Models. Recently, diffusion models have
emerged as promising and widely-attracted image gener-
ators due to their impressive generative performance [14,
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36, 35, 45, 43]. In addition to directly converting Gaussian
noise into images with learned data distributions through it-
erative denoising, these models can also generate desired
images conditioned on the guidance like class labels, text,
and low-resolution images [6, 43, 44, 46]. Text-driven dif-
fusion models have demonstrated unprecedented capabili-
ties in generating diverse high-quality semantically relevant
images, such as GLIDE [35], Imagen [45], and Stable Dif-
fusion Model (SDM) [43]. These models have been suc-
cessfully applied in various domains, including image styl-
ization, image editing, video generation, and 3D scene gen-
eration [17, 59, 12, 13, 49, 39, 27]. Among them, Diff-
Styler [17] proposes a dual diffusion architecture for text-
driven image stylization, which can generate text-dependent
stylized images with the spatial structure consistent with
the content image but cannot support novel view synthe-
sis of stylized results due to the lack of 3D constraints. To
bridge the gap between 2D images and 3D scenes, Dream-
Fusion [39] introduces a diffusion loss to enable 3D ob-
ject generation from a pretrained 2D image-text diffusion
model. Furthermore, Magic3D [27] proposes a coarse-to-
fine strategy for fine-grained 3D scene generation based on
the pretrained diffusion model. Although DreamFusion and
Magic3D enable the generation of view-consistent 3D ob-
jects from 2D prior models, 3D avatar creation remains a
challenging task for them. We focus on investigating the
text-guided generation of 3D human avatars with shape and
pose flexibly controlled by the SMPL model.

Text-Guided 3D Avatar Creation. Aside from creat-
ing 3D objects with reference images [5, 34, 18, 1], the
recent works propose to add detailed styles to a bare 3D
body mesh given a text prompt as guidance. For exam-
ple, Text2Mesh [31] and CLIP-Actor [56] utilize CLIP to
guide the creation of a bare 3D mesh by learning a dis-
placement map for geometry deformation and vertex col-
ors for texture generation. Due to the limited representa-
tive ability of the mesh, such methods cannot generate de-
tailed textures and render high-quality novel views. Avatar-
CLIP [16] and NeRF-Art [53] stylize a pre-trained neu-
ral implicit field guided by CLIP, producing photo-realistic
renderings. AvatarCLIP first reconstructs a bare human
avatar and then inpaints it using the classical CLIP simi-
larity loss [38]. It also designs a CLIP-guided method for
reference-based motion synthesis to animate the stylized 3D
avatar. NeRF-Art improves the stylization results by impos-
ing a directional CLIP loss [8] and a global-local contrastive
loss. However, all these methods suffer from uneven and
disordered textures generated by CLIP guidance. In addi-
tion, they lack the capability to animate a human avatar and
render novel poses and views simultaneously, making them
unfriendly to artists and designers. In contrast, we propose
creating a 3D avatar under the guidance of diffusion models
and elaborating a coarse-to-fine training strategy and shape

regularization to produce visually pleasing results. Further-
more, we mitigate the animation issue by defining a local
transformation between the template mesh and the target
based on SMPL models, which enables easy control over
the pose and shape of the stylized avatar.

3. Method
In this section, we introduce our method for creating and

controlling neural implicit fields. First, we provide a pre-
liminary explanation of our basic 3D representation in §3.1.
Next, we leverage diffusion models to guide the avatar gen-
eration direction §3.2. We also propose a shape regulariza-
tion approach in §3.3, as well as coarse-to-fine and multi-
bbox training strategies in §3.4, to improve the generation
performance. Finally, we animate and reshape the human
avatar by defining an SMPL-guided deformation for the im-
plicit fields in §3.5.

3.1. Neural Human Avatar Representation

NeuS [54] improves upon the geometry of NeRF by
replacing the occupancy representation in neural implicit
fields with a SDF function. NeuS is composed of a ge-
ometry function f(x) : R3 7→ R1 and a color function
c(x) : R3 7→ R3. The geometry function f(x) takes
3D positions x as input and regresses a zero-level set sur-
face. On the other hand, the color function c(x) takes x
and an optional view-direction d as input, and outputs the
radiance at that point. Similar to NeRF, NeuS also lever-
ages volume rendering to achieve the pixel color of a ray
C(o,d), where o and d are the origin and direction of
the ray, respectively. In addition, n points are sampled
{p(t) = o+ tid | i = 0, 1, ..., n}:

C(o,d) =

∫ ∞

0

w(t)c(p(t),d)dt, (1)

where w(t) is a weighting function:

w(t) =
ϕs(f(p(t)))∫∞
0

f(p(u))du
, (2)

where ϕs is the logistic density distribution, which allows
for better geometry representation for human avatar model-
ing compared to NeRF.

Training deep coordinate-based networks can be chal-
lenging due to slow performance. However, a promising
solution has been proposed by Instant-NGP [33], which in-
troduces a multi-resolution hash encoding technique to al-
leviate this issue. Specifically, it defines a multi-resolution
voxel grid in space, as well as a table of learnable feature
vectors corresponding to each voxel. To calculate the em-
bedding at each voxel level for a query position x, the fea-
ture vector of that voxel is interpolated. The positional em-
bedding of x can be obtained by concatenating all the fea-
ture vectors. This streamlined embedding implementation
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Figure 1. Method Overview of AvatarCraft. The proposed pipeline is divided into two stages. A) We utilize SDS loss and additional
shape regularization to create the template of target avatar using our multiple bounding-box (multi-bbox) and coarse-to-fine (c2f) training
strategy. B1) We first use input SMPL parameters to calculate per-vertex rigid transformations. B2.a) Guided by Ftrg , the camera emits
rays, and points p(ti) on the ray are sampled. B2.b) For all sampled points, we find their corresponding points in the generated canonical
space Nt based on inverse vertex transformation T −1 as well as SMPL mesh Ftrg . B2.c) The color of the rays can be computed using the
volumetric rendering equation.

in Instant-NGP has the potential to greatly enhance the re-
construction process while ensuring minimal loss in quality.
Despite its strengths, Instant-NGP has not yet achieved the
same level of geometry reconstruction accuracy as NeuS.

We combine NeuS and Instant-NGP as our neural im-
plicit model of avatars, leading to an improvement in speed
while maintaining satisfactory reconstruction quality.

3.2. Diffusion-Guided Avatar Creation

We start by introducing diffusion-guided avatar creation
from a text prompt. Let N0 = {f(x), c(x)} denote the
bare avatar in canonical space, and t be a text prompt. Our
objective is to optimize N0 such that the generated avatar
Nt is amenable to t. To achieve this, we first build N0 by
reconstructing from multi-view renderings of a bare SMPL
mesh M0 = {θ0, β0} = {V0,F}, where θ0 and β0 are
SMPL pose and shape parameters, and V0 and F represent
vertices and faces, respectively. After reconstructing this
template, we leverage the recent Score Distillation Score
(SDS) loss from DreamFusion [39] to guide the creation
process, which is defined as:

∇LSDS = Em,ϵ

[
s(m) (ϵϕ (zm;m, t)− ϵ)

∂zm
∂x

∂x

∂θ

]
,

(3)

where ϵϕ is the denoiser, s(m) is a weighting function de-
pending on the timestep m, zm is the noise, and x is the
latent code encoded from the 2D rendering of the avatar.
By computing the SDS loss, we enable the propagation of
gradients from the diffusion model to update the neural ra-
diance field.

3.3. Shape Regularization

Previous approaches [39, 27, 30] demonstrate the power
of SDS loss in supervising 3D generation tasks. However,
directly applying it to shift the shape f(x) and color c(x)
of a human avatar to match the target style description t can
yield undesired results, as shown in Fig. 3. The SDS loss is
biased towards modeling geometry f(x) in the early gener-
ation steps, which can result in the catastrophic destruction
of the template prior N0 and an attempt to generate the hu-
man avatar from scratch instead. The high variance of the
diffusion model in this generation process can be unstable,
resulting in degenerate solutions such as empty volumes, or
adversarial results such as flat geometry and multi-face is-
sues [39, 27]. Therefore, to stabilize our generation process,
we propose to regularize the shape f(x) as below.

We denote the trainable parameters of the geometry and
color network in neural implicit fields as {Θf ,Θc}. A naive
solution to regularize the geometry is to freeze Θf . How-
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Figure 2. Coarse-to-Fine and Multi-BBox Training. 1) We par-
tition the canonical space into two bounding boxes for sampling
cameras. 2) we use stride ray sampling to render the avatar at dif-
ferent scales. 3) the rendered coarse or fine avatar is interpolated to
fit stable diffusion input assumption for calculating the SDS loss.

ever, as shown in Fig. 3, this simple scheme leads to blurry
and over-saturated results as it prevents the neural implicit
fields from learning high-frequency details. Therefore, we
aim to optimize both {Θf ,Θc}, while regularizing the op-
timization of shape network. Our key idea is that the object
silhouette could serve as a proxy for its geometry, while
allowing for non-convex details to be sculpted [24]. Specif-
ically, a pixel-level loss is introduced to regularize the ray
opacity of the generated avatar:

Lsil =
1

HW

∑
H,W

|O(o,d;N0)−O(o,d;Nt)|, (4)

where O(o,d;N ) denotes the accumulated point opacity
along the ray direction d:

O(o,d;N ) =

∫ ∞

0

w(t)dt. (5)

Finally, the overall loss used in the generation process is:

L = ∇LSDS + λsilLsil + λeikLeik, (6)

where Leik is the Eikonal term [9] to regularize the normal.

3.4. Coarse-to-Fine and Multi-BBox Training

A key to improving the fidelity of a generated avatar lies
in allocating the correct texture to each part of the human
body. Taking the style “Superman” as an example, users
would typically expect a large “S” on the chest and a red
crotch to be the most significant details of Superman’s cos-
tume. Subsequently, users might expect additional details

a. 𝛻ℒ!"! + w/o shape regularization

b.  𝛻ℒ!"! + fix Θ#

“S
up
er
m
an
”

Iteration: 0 500 1000 End
Figure 3. Problems with Applying ∇LSDS for Avatar Gener-
ation. We demonstrate the optimization progress of generation
under two conditions: a) without any geometry constraint, and b)
with the SDF parameters Θf fixed. Applying no constraint leads
to adversarial results, while fixing the SDF parameters results in
blurry texture. The prompt for both experiments is “Superman”.

in the face, belt, and shoes that resemble the identity of
Superman. Visual features related to these attributes span
different scales, and creating an avatar at one specific scale
may result in the loss or misalignment of important details.
Based on this observation, we propose a coarse-to-fine gen-
eration strategy, which aims to capture style details at dif-
ferent scales. Specifically, we adopt a two-stage generation
scheme. Firstly, we stylize N0 in the rendering resolution
of 64 × 64. Then, we fine-tune it by doubling the resolu-
tion while using the same set of losses to generate texture
details. The lower resolution of the initial renderings serves
as a natural band-limited filter that promotes the creation of
high-level textures. As the resolution increases, the genera-
tion of fine-detailed textures becomes feasible.

In addition, human perception is particularly sensitive to
artifacts and distortions in facial features. However, directly
stylizing the human avatar radiance fields can result in a
degradation of facial features. To address this limitation,
we devise a solution to divide the scene into face and body
bounding boxes according to the SMPL prior M0. Our ap-
proach involves dedicating the face box exclusively to ren-
dering the head and neck, while the body box is used to ren-
der the entire avatar, including the head. Besides, we also
augment the prompt t according to the rendered box. This
approach enhances the fidelity of facial features while main-
taining a natural transition between the head and the body.
By employing this coarse-to-fine and multi-bounding-box
training strategy, we can improve the alignment of visual
features across the entire avatar body.

3.5. SMPL-Guided Avatar Articulation

Avatar Nt in the canonical space is intrinsically aligned
with the underlying SMPL model Fsrc = {θ0, β0} =
{V0,F}. Given the target model Ftrg = {θtrg, βtrg} =
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Figure 4. Geometry Generation. AvatarCraft could generate fine
geometry detail on the avatar surface. We show the rendered depth
map of bare SMPL and “hulk”.

“Marble Sculpture 
of Steve Jobs”

“Hulk in blue jeans” “Tom Cruise in 
FC Barcelona uniform”

Figure 5. Concept Mixing. AvatarCraft could generate novel
avatars by mixing different concepts together.

{Vtrg,F}, our method aims to deform the template avatar
to render novel views with the target pose and shape. We
demonstrate that our approach provides an intuitive way to
control both the shape and the pose of the implicit avatar
without the need for training, enabling various applications
such as avatar shape customization and animation.

SMPL Mesh Deformation. We first establish the corre-
spondence between Fsrc and Ftrg. Specifically, for each
vertex, we use beta-blended shape [29] to compute the
shape-related vertex deformation T βtrg ∈ SE(3) from
{θ0, β0} to {θ0, βtrg}. Next, we calculate the shape-related
vertex rigid transformations T θtrg ∈ SE(3) from {θ0, βtrg}
to {θtrg, βtrg} using Linear Blended Skining (LBS) algo-
rithm. Since SMPL mesh topology is agnostic to shape and
pose by definition, we can obtain a bijective mapping of
vertices between the two meshes as T = T θtrgT βtrg .

Mesh-Guided Implicit Field Deformation. After ob-
taining the vertex mappings T , we warp the positions of the
sampled points to render novel views with the target shape
and pose. We rewrite the volume rendering as:

C(o,d) =

∫ ∞

0

η(p(t))
[
w(t)c(Γ(p(t);Ftrg, T −1))

]
dt,

(7)
where Γ(x;Ftrg, T −1) is a transfer function that maps
points x from the observation space to the canonical space,
guided by the target mesh and the inverse vertex T −1 [20,
57]. To mitigate cloudy artifacts due to inaccurate warping,
we adopt a mask function η(p(t)) [4] to set the density of
the points far from the target mesh surface to zero.
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Figure 6. Shape Interpolation. AvatarCraft can reshape the gen-
erated avatar without the need for retraining. We demonstrate two
different interpolation sequences of shape β across four styles.

4. Experiment Result and Analysis

4.1. Implementation Details

In terms of network structure, we utilize the default set-
ting for the hash-grid [60]. Additionally, the SDF network
has a depth of 2, while the color network has a depth of 3.
We adopt similar augmentation strategies to those used in
recent text-to-3D generative models [16, 39, 25, 19, 27].
Specifically, these include: (1) random camera extrinsic
augmentation, (2) random background augmentation, and
(3) view-dependent prompt augmentation. Further details
about each of these augmentations can be found in the Ap-
pendix.

We reconstruct the bare SMPL model at a resolution of
512×512 using the hyper-parameters suggested by [60] for
40, 000 steps, which takes approximately 20 minutes. For
avatar creation, the coarse training involves 40 epochs with
100 body captures and 20 head captures for each epoch,
while the fine training involves 10 epochs with 100 body
captures and 50 head captures. We train both stages using
the Adam [22] optimizer with a learning rate of 5e − 3.
The coarse stage takes around 30 minutes, while the fine
stage takes 100 minutes. For Score Distillation, we use pre-
trained Stable Diffusion [43] v1.5 model, with a guidance
scale of 100 for all prompts. We conduct experiments on
one NVIDIA A100 GPU.

4.2. Qualitative Result

In this section, we provide qualitative results of Avatar-
Craft. We will show that the proposed method is effective
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Figure 7. Qualitative Result. a.) AvatarCraft generates intricate details that is consistent and aligned with input prompt. b). The generated
avatar could be articulated by shape and pose parameters.

for appearance generation, geometry generation, concept
mixing, as well as parametric articulation.

Appearance Generation. As shown in the Fig. 7-a,
AvatarCraft faithfully generates the distinctive features of
representative identities, such as the muscular body of the
character “Hulk”, the nose of “Flynn Rider”, and the cos-
tume of “Captain America”. This demonstrates the abil-
ity of AvatarCraft to produce textures that are semantically
consistent and aligned with the target text descriptions. Ad-
ditionally, AvatarCraft is capable of generating high-fidelity
details not only on the human body but also on the head. For
example the machine crew of “Robot” and the red cape and
black beard of “Doctor Strange”.

Geometry Generation. In addition to appearance gen-
eration, AvatarCraft is also capable of carving geometry de-
tails on the avatar body. For instance, in Fig. 4 we show
the rendered depth map of original bare SMPL and avatar
“Hulk”. We observe clear muscle structure being formed
that is consistent with the generated texture.

Concept Mixing. A strength of text-to-image models is
their creativity in generating images that mix different con-
cepts together using text guidance. Thanks to the diffusion
constraints, our AvatarCraft can generate novel avatars (i.e.,
to dream avatars [16, 39]) by mixing different identities to-
gether. This would allow more fine-grained control over

avatar style, clothing, and face. We provide examples for
those cases in Fig. 5. As the result shows, our proposed
method successfully generates avatars that match the input
prompt.

Parametric Articulation. As an articulated-NeRF
based method, AvatarCraft can render novel views with
parametric control over poses and shapes simultaneously,
while preserving render quality. This is achieved by defin-
ing an explicit warping field, represented by a local trans-
formation between the source and target SMPL meshes. By
referring to the generated avatar in canonical space, this
warping operation enables rendering of avatar from novel
views, poses, and shapes, without the need of re-training.
We show shape and pose articulation in Fig. 6 and Fig. 7-b,
respectively.

4.3. Comparisons

We compare AvatarCraft with state-of-the-art methods
for text-driven human avatar creation, including the mesh
based method of CLIP-Actor [56] and implicit-field based
methods of AvatarCLIP [16] and NeRF-Art [53]. We train
each method using the configurations suggested by its re-
spective authors and present results in Fig. 8.

Compared to existing methods, AvatarCraft stands out
for the high level of detail in both the avatar body and head,
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Figure 8. Comparisons. We compare AvatarCraft with state-of-the-art avatar creation methods, including CLIP-Actor [56], Avatar-
CLIP [16], and NeRF-Art [53]. Our model achieves better results both globally and locally.

attributed to its diffusion constraint and our coarse-to-fine
and multi-bbox training strategy. For example, it faithfully
generates intricate details like the distinctive ”S” pattern
on “Superman”’s chest that other works struggle to cap-
ture with equal quality. This demonstrates the strength of
AvatarCraft in generating high quality body textures. In
addition, our method produces finely detailed faces, such
as the eye patch on “Nick Fury”, while other works only
present rough facial features.

Another advantage of AvatarCraft is its ability to gener-
ate balanced textures for human avatars. This is achieved
through the incorporation of a diffusion constraint, which
employs a stronger and more advanced language-vision
model. In contrast, other works tend to produce unreason-
able and uneven textures. We postulate that it may be due to
CLIP constraint that perceives and embeds the image as a
whole, while being weak in providing location-aware super-
vision [61, 26] that is necessary for allocating correct tex-
ture locally. In contrast, the diffusion constraint employs
a denoising process to provide supervision signals on the
pixel level, enabling more localized guidance. Therefore,
it could result in more balanced and detailed textures for
avatar generation.

Empty
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a) w/o shape reg b) w/o c2f c) w/o m-bbox d) full
Figure 9. Ablation Study. We show results: (a) without the shape
regularization; (b) without coarse-to-fine (c2f) training; (c) with-
out multi-bbox training; and (d) our full method.

4.4. Ablation Analysis

To evaluate the design choices of AvatarCraft, we con-
duct an ablation study on the effectiveness of 1) the shape
regularization, 2) the coarse-to-fine training strategy, and 3)
the multi-bbox training strategy. We removed each com-
ponent from AvatarCraft and reported the results in Fig. 9.
For 2), we train the model at a resolution of 128 × 128 for
20 epochs. For 3), we train the model only with the body
bounding box for the same number of epochs.
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Scene “Jedi”

View 1 View 2
Figure 10. Composite Rendering. AvatarCraft enables occlusion-
aware composite renderings of the created avatar with real neural
scenes. We show key frames of “Jedi” dancing in the scene.

Shape regularization is a crucial component of Avatar-
Craft, as it ensures that the generated avatars have anatomi-
cally plausible shapes and proportions. By encouraging the
model to learn representations consistent with prior knowl-
edge of human anatomy, shape regularization leads to more
accurate avatar creations. Without shape regularization, the
method may produce unreasonable or even failed results.

The coarse-to-fine training enables alignment of fine-
grained texture generation both globally and locally. In con-
trast, methods that do not use coarse-to-fine training only
produce coarse colors with no semantically meaningful lo-
cal details. Our multi-bbox training technique enhances the
fidelity of facial features while maintaining a natural tran-
sition between the head and body. The methods without
multi-bbox training may degrade facial features.

4.5. Application: Composite Rendering

Our method enables composite rendering of the avatar
along with realistic neural scenes. To achieve this, we man-
ually align the avatar with the scene and render them with
the same camera. However, as our avatar is represented as a
SDF and implicit scenes are usually encoded as occupancy
fields (e.g., NeRF), we cannot directly apply Eq. 1 to a ray
that contains points sampled from both representations. To
circumvent this challenge, we primarily perform a depth
test to achieve occlusion-aware composite rendering as il-
lustrated in Fig. 10.

5. Conclusion
We present AvatarCraft, a novel approach to generating

human avatars using text guidance and an implicit neural
representation with parameterized shape and pose control.
Unlike existing methods that struggle to produce visually-

Front view Back view
“Back view of the body 

of Captain Marvel”
Real 

images
Figure 11. Limitation. We show the created avatar, 2D images
generated by the base diffusion model, and reference real images.

pleasing results when using CLIP guidance, our approach
utilizes diffusion models to match the desired text descrip-
tion and generate fine-grained details in both geometry and
texture. Furthermore, our method allows for easy anima-
tion and reshaping of the avatar using SMPL parameters
and requires no training for novel pose and shape synthesis.
Additionally, the use of neural implicit fields provides ad-
vantages over mesh-based avatars in terms of photorealistic
rendering and easy composition with implicit 3D scenes.

Limitation. Fig. 11 demonstrates one limitation of our
approach, where the diffusion model has difficulty generat-
ing textures of equal quality on the back of the avatar due to
its limited ability to conceptualize views like the back that
were underrepresented in the training data. Consequently,
the generated back textures may exhibit certain inconsis-
tencies compared to the reference ground-truth. To address
this issue, we plan to explore the possibility of training the
diffusion model with more diverse human data to enhance
its ability to generate faithful and accurate textures.
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