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Abstract

The rapid advancement of 3D Generative Adversarial Net-
works (GANs) has significantly enhanced the diversity and
quality of generated 3D images. Despite these breakthroughs,
the manipulation capabilities of 3D GANs remain unex-
plored, presenting substantial challenges for practical appli-
cations where user interaction and modification are essen-
tial. Current manipulation methods often lack the precision
needed for fine-grained attribute manipulation, and struggle
to maintain multi-view consistency during the editing pro-
cess. To address these limitations, we propose 3DHumanEdit,
a novel approach for 3D human body part-aware manipula-
tion. 3DHumanEdit leverages multi-modal feature fusion and
body part-aware feature alignment to achieve precise manip-
ulation of individual body parts based on detailed text inputs
and segmentation images. By exploring 3D prior for accurate
editing and enforcing correspondence in latent space, 3DHu-
manEdit ensures coherence across multiple views. Experi-
ments demonstrate that 3DHumanEdit outperforms existing
methods in both editing fidelity and multi-view consistency,
offering a robust solution for fine-grained 3D manipulation.

Introduction
The increasing prevalence of 3D generative adversarial net-
works (GANs) in recent years has significantly advanced
the 3D vision, enabling more realistic and varied represen-
tations. (Or-El et al. 2022; Chan et al. 2022, 2021). These
developments have opened up new possibilities in various
fields, including virtual reality, gaming, animation, and dig-
ital art (Oh and Jo 2024; Wu et al. 2021). However, re-
search focusing on the editing capabilities of 3D GANs re-
mains limited, posing significant challenges for practical ap-
plications where user interaction and modification are cru-
cial. Existing 3D manipulation methods primarily rely on
prompts to match and alter the appearance of 3D virtual
avatars (Cao et al. 2024; Hong et al. 2022b). Although these
methods have made some progress, they often fall short in
terms of accuracy and flexibility. To better bind textual de-
scriptions to specific attributes, approaches have been pro-
posed that use example images to modify the latent space
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Figure 1: 3DHumanEdit generate 3D human bodies based
on segmentation image and textual description in a body
part-aware manner. The generated images exhibit high fi-
delity 3D consistency and detailed geometry.

of NeRF (Mildenhall et al. 2021). These methods aim to en-
hance control over 3D models by establishing feature associ-
ations across different modalities. For instance, AvatarCLIP
(Hong et al. 2022b) allows ordinary users to customize the
shape and texture of 3D avatars and drive their actions based
on textual descriptions using CLIP (Radford et al. 2021).
However, this approach typically employs text features for
coarse alignment of global characteristics, making it inad-
equate for capturing fine-grained details of individual body
parts. Compositional Cross-modal Human (CCH) (Fu et al.
2023) utilizes cross-attention to link text descriptions with
each part of the body and independently render each seg-
ment of the 3D human figure. Nevertheless, these attempts
remain incomplete, lacking refined constraints for each body
part and an exploration of manipulation consistency across
multiple views. The main challenge in 3D human editing
arises from the non-rigid geometric nature of the human
body, which complicates the generation process (Yang et al.
2022). This complexity leads to inconsistencies in each body
part across different views, making it difficult to reflect the
user’s intended modifications accurately. Ensuring that ed-
its made to a 3D human object are consistently reflected in
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all other views is a complex task that requires sophisticated
algorithms capable of handling intricate poses, shapes, and
textures from multiple angles.

To address these challenges, we propose a novel approach
named 3DHumanEdit, which is designed to overcome these
limitations by leveraging advanced multi-modal feature fu-
sion and body part-aware feature alignment. Multi-modal
feature fusion enables cross-fusion between various modal-
ities: textual and segmented images. This enhances the as-
sociations between text and fine-grained image regions and
makes the more related manipulation result. Additionally,
3DHumanEdit applies body part-aware feature alignment,
promoting a tighter connection between the editing text and
each body part. Moreover, to ensure multi-view consistency,
we augment the training set with both positive and nega-
tive samples and incorporate an additional estimator for 3D
pose and shape to benefit the 3DHumanEdit training phase.
3DHumanEdit effectively maintains multi-view consistency
while achieving fine-grained control over 3D human im-
age manipulation. The main contributions of our proposed
method are as follows:

• We facilitate fusion between multiple modalities by
learning feature among texts and images, enabling fine-
grained body part-aware manipulation of 3D images.

• 3DHumanEdit captures pose and shape with 3D human
object, ensuring multi-view consistency in the manipu-
lated images.

• 3DHumanEdit achieves optimal editing results compared
to existing methods, enabling body part-aware fine-
grained manipulation.

Related Work
3D-aware Human Generation
(Karras, Laine, and Aila 2019) In recent years, the rapid ad-
vancement of 3D generative models has transitioned from
early techniques utilizing meshes (Liao et al. 2020; Gao
et al. 2022), point clouds (Li et al. 2019), and voxel grids
(Hao et al. 2021), to contemporary methods that represent
generated 3D scenes using neural radiance fields and density
fields. Researchers have combined implicit neural represen-
tations with GANs to learn 3D-aware image synthesis using
only 2D images for supervision (Niemeyer and Geiger 2021;
Or-El et al. 2022; Chan et al. 2022, 2021; Song et al. 2021,
2023). However, due to the non-rigid geometry of the human
body, synthesizing 3D human images is more challenging
(Yang et al. 2022). Consequently, exploration in this area
is less extensive compared to generic generative models.
Most transitional human generation works focus on 2D hu-
man generation conditioned by poses (Men et al. 2020; Yang
and Lin 2021). Recently, StyleGAN-Human (Fu et al. 2022)
expanded the human dataset and achieved high-quality 2D
human generation based on StyleGAN2-ada(Karras et al.
2020).

In 3D-aware generation, most studies use predefined para-
metric human templates (Loper et al. 2015) to generate
3D human figures (Zhang et al. 2023a; Hong et al. 2022a;
Noguchi et al. 2022; Bergman et al. 2022; Zhang et al.

2022, 2023b; Dong et al. 2023; Jiang et al. 2023). Notably,
ENARF-GAN (Noguchi et al. 2022) proposed an unsuper-
vised method to learn 3D human generation without di-
rect pose supervision. GNARF (Bergman et al. 2022) intro-
duced a surface-driven deformation method to handle distor-
tions between different poses. However, these methods fail
to produce high-quality human images. AvatarGen (Zhang
et al. 2023a) improved generation quality through a de-
formation network modeling non-rigid dynamics. EVA3D
(Hong et al. 2022a) proposed a composite human NeRF
representation, dividing the human body into different lo-
cal parts, rendering them separately, and combining them to
achieve high-resolution human image generation. None of
these methods support user-interactive editing of generated
human figures. AG3D employs a multi-resolution cascaded
discriminator, including a face detail discriminator, to gen-
erate high-quality human images. Furthermore, 3D-SGAN
(Zhang et al. 2022) proposed a 3D-aware algorithm for hu-
man attribute generation, primarily extending the Giraffe
framework (Niemeyer and Geiger 2021). 3D-SGAN mod-
els 3D human structure using coarse semantic masks in spe-
cific fixed poses and camera views, unable to generate whole
views of human heads and only supports image generation
with weak 3D constraints. SemanticHuman (Zheng et al.
2024) models humans and garments separately from a vir-
tual try-on perspective, using a semantic-aware approach to
establish triplane models for garments and rendering differ-
ent resolution modules through a semantic renderer, thereby
generating high-definition human images.

Text-Guided Human Manipulation
Generic 3D human generation models do not support in-
teractive editing of generated humans or their attributes,
typically using random noise or manually set latent codes
for limited control over human images. From the onset of
2D generation, there have been various manipulation meth-
ods for interactive human image editing (Jiang et al. 2022;
Huang et al. 2023; Morelli et al. 2023). A representative ex-
ample is Text2Human (Jiang et al. 2022), which proposed
using a codebook to encode text and appearance informa-
tion, optimizing a VAE generator to enable corresponding
manipulation by querying keys to extract values. In 3D-
aware generation, methods such as (Hong et al. 2022b;
Cao et al. 2023; Patashnik et al. 2021; Haque et al. 2023)
have also explored using text-semantic embeddings to edit
generated results. Cao et al. (Cao et al. 2023) employed
a diffusion-based model with a cross-attention mechanism
to process textual information, constraining the output 3D
images with SDS loss for text-controlled avatar generation.
While these methods have achieved good performance, they
cannot achieve fully disentangled control of different fine-
grained semantic parts and have long optimization times.
CNeRF (Ma et al. 2023) used separate generation networks
for each semantic category, achieving complete disentan-
glement of each semantic region, but the parallel train-
ing of multiple generators significantly increased computa-
tional costs, limiting its applicability in real-world scenar-
ios. TADA (Liao et al. 2024) uses hierarchical rendering and
SDS loss with a displacement layer and texture map to cre-
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Figure 2: The flowchart of 3DHumanEdit. The proposed model receives two inputs: text description and segmentation image.
The text descriptions are processed through a T5 encoder and aggregated using a mapping query Mqry . This aggregated rep-
resentation interacts with the features obtained from the text via the text encoder Etxt, facilitating multi-modal feature fusion.
The segmented image is processed through the image encoder Eimg and interacts with the text to achieve body part-aware
feature alignment. The additional estimator Ψ provides the corresponding shape and pose parameters to the 3D GAN. Together
with the integrated latent representation as side input, these parameters are utilized in differentiable rendering to produce the
final manipulated results.

ate realistic 3D human models. HumanNorm (Huang et al.
2024) introduces structural constraints through fine-tuned
text-to-depth models. Recently, a cross-modal attention (Fu
et al. 2023) was proposed to encode text information, align
the features of the corresponding parts of the text and the
image in the latent space, and perform fine-grained ma-
nipulation of the human body image. Our proposed model
completely decouples each semantic category through text
feature learning and the interaction between segmentations
and tokens, thereby achieving high-quality 3D-Aware hu-
man images that can be arbitrarily manipulated.

Methodology

Data Pre-processing

3D human editing dataset consists of ground truth 2D hu-
man images xreal and corresponding segmentation images
xsegm. We have consolidated the segmentation categories
into six main parts: body, tops, outer, bottoms, shoes and
accessories. For the corresponding text descriptions, we in-
put the images xreal into a pretrained InstructBLIP model
(Dai et al. 2023) to generate textual outputs, describing the
features of the six parts, resulting in the corresponding text
t
(1)
part to t

(6)
part. We also construct a text template T : A man/-

woman ‘t(1)part’, wearing ‘t(2)part’, ‘t(3)part’, ‘t(4)part’, ‘t(5)part’ and

‘t(6)part’ to create complete sentences. Additionally, we label
the dataset with images of the same identity from different
viewpoints. Images with a yaw angle greater than 0 relative
to the human center are considered positive samples x+

real,
and those with a yaw angle less than 0 are negative samples
x−
real. Thus, in the data preparation phase, we construct text

descriptions for each category centered around the ground
truth, text descriptions and multi-view training images.

Multi-modal Feature Fusion

Text descriptions serve as the input conditions for manip-
ulating 3D human images. Intuitively, we choose the CLIP
encoder to process both the entire description and segmented
descriptions of individual body parts. However, research
(Esser et al. 2024) indicates that CLIP ability to capture fea-
tures of long texts is weaker compared to the T5 model (Raf-
fel et al. 2020). Additionally, the sentences constructed by
template T are excessively long relative to the descriptions
of each body part. Therefore, we opted for the T5 encoder,
which is an encoder-decoder model pre-trained on both un-
supervised and supervised tasks, with each task converted
into a text-to-text format. For long sentences T , we can ob-
tain T5 text embedding fT = T5(T ); similarly, for the seg-
mented descriptions of the body parts, we can obtain the cor-
responding f

(i)
tokn = Et(t

(i)
part) by CLIP text encoder Etxt.

Since the overall description ultimately needs to control
various parts of the 3D human body, we perform tokeniza-
tion of the T5 output features to finely encode the overall text
semantics and align them with the body part feature seman-
tics. We set up a 4-layer MLP queries mapper Mqry to ob-
tain the corresponding semantic query encoding and several
squeezers Sqry to compress the query data dimensionality:

f
(i)
T = S(i)

qry(Mqry(fT )), (1)

where (i) denotes the i-th body part. For the semantic en-
coding output f (i)

T , we first delve into the intrinsic relation-
ships of T5 features, applying self-attention to the semantic
encoding to get aggregated semantic queries. The attention
module can be formally expressed as follows:

Attn(Q,K, V ) = softmax
(
QKT

√
d

)
∗ V. (2)
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And the forward process can be formulated as follows:

W(i)
0 = Attn(f (i)

T , f
(i)
T , f

(i)
T ), (3)

where the W(i)
0 denotes the initial queries. We input the seg-

mentation images, which offer pixel-level positional infor-
mation, into the CLIP image encoder Eimg to obtain seg-
mentation image features fsegm. To better integrate the prior
knowledge of the image editing regions with the text, we
introduce a cross-modal attention module. The segmenta-
tion image features serve as keys and values, while the seg-
mented text features act as queries in cross-attention module.
This setup enables the model to align and integrate segment
textual descriptions with corresponding image features, en-
suring that the image accurately reflects the segment words.
We define the resulting fusion feature as shape-correlated
feature fs.

Conversely, the features f
(i)
tokn are also used as keys

and values, with the segmentation image features acting as
queries. The cross attention mechanism ensures that textual
features are enriched with corresponding visual context, fur-
ther refining the text-semantic alignment. We then define the
resulting fusion feature as token-correlated feature ft. The
forward equation (3) can be updated to:

W(i)
1 = Attn(W(i)

0 , f
(i)
t , f

(i)
t ). (4)

We further integrate the shape-correlated feature into the
forward manipulation network, resulting in W(i)

2 . The cor-
responding forward process is as follows:

W(i)
2 = Attn(W(i)

1 , f (i)
s , f (i)

s ). (5)

The shape-correlated information fs and the token-
correlated information ft are fused respectively. After fur-
ther processing, we obtain the final fusion, which is then
aggregated using a feed-forward network to produce the fi-
nal W(i)

final as the 3D GAN side input for content manipu-
lation. Then we define the symbols for the overall editing
process. We denote the trainable editing network structure
as Ω. Thus, the forward formula is as follows:

W(i)
final = Ω(T , t

(i)
part, xsegm). (6)

And the overall optimization formula is as follows:

xedit =
∑
i

R(G(W(i)
final), θ, φ), (7)

where R represents the differentiable rendering module, G
denotes the 3D GAN’s generator, θ and φ denote the pose
and shape parameters of the SMPL model respectively.

Body Part-aware Feature Alignment
We previously explored feature fusion related to body parts,
particularly the integration of segmentation images and text
descriptions across different modalities. During the forward
pass of the network, we design a multi-modal fusion mech-
anism to extract shape-correlated features fs and token-
correlated features ft. This mechanism enables us to effec-
tively combine information about body parts in the image

with the corresponding textual descriptions. We aim to align
the textual semantics with the body part that needs to be
manipulated. For instance, when the description pertains to
body of arm, the attention should focus on the arm area in the
3D image. To achieve this, we construct pixel-level mask by
binarization of corresponding segmentation images, denoted
as x̃s and x̃t respectively. xs and xt are trainable attention
weight map of fs and ft attention module. The specific loss
formulation is as follows:

Lattn =
∑
i

∥∥∥x(i)
s − x̃(i)

s

∥∥∥2

+
∥∥∥x(i)

t − x̃
(i)
t

∥∥∥2

. (8)

Further, features fs and ft are input into the manipulation
network to obtain the corresponding latent representations
W . The manipulated results are derived from the color C
output by the differentiable rendering process. The estimated
colors C for rays r can be defined as follows:

C(r) =

∫ tf

tn

T (t)σ (r(t)) c(r(t), d)dt, (9)

where T (t) is the transmittance and σ (r(t)) is the volume
density at point r(t).

3D-Aware Human Manipulation
Pose and Shape Estimator In 3D manipulation tasks, the
goal is to control various 3D-related features, such as pose
and shape, to facilitate the necessary adjustments in posture
and changes in shape for target editing. The template’s θ
controls the pose parameters in the SMPL. Direct modifi-
cation of these parameters is not user-friendly, as general
users are unlikely to know the corresponding values. To ad-
dress this, we designed a pose estimator Ψ that inputs the
segmentation map corresponding to the textual input, iden-
tifies the pose features within it, and encodes them to obtain
the corresponding θ = Ψ(xsegm).

Additionally, considering that the body shape of the ma-
nipulated object may change, we ensure that the model to be
aware of the subtle variations induced by shape. Therefore,
we add a prediction branch to the pose estimator, making
the new Pose and Shape Estimator (PSE) capable of predict-
ing the body shape, resulting in the corresponding φ. The
forward process of the PSE can be represented as:

θ, φ = Ψ(xsegm). (10)
By estimating the 3D-related parameters, 3DHumaneEdut
can accurately derive the pose and shape parameters of 3D
human body.

Multi-View Human Consistency During training, we
ensure multi-view consistency by referencing edited im-
ages against positive samples (x+

real) and negative samples
(x−

real). We imposed a regularization on the manipulation re-
sults, and ultilized the LPIPS metric and pixel-wise L2 loss
to perform an constraint on the edited image xedit and the
ground truth xreal with each body part.

Lcons =
∑

x∈xreal,

x+real,x−real

[
||ℏ(xedit)− ℏ(x)||2 + ||xedit − x||2

]
,

(11)
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Figure 3: Multi-view manipulation results for 3DHumanEdit and competing methods.

where xedit represent the edited output image correspond-
ing to different views, ℏ(·) denotes the LPIPS feature output
from VGG-16 (Simonyan and Zisserman 2014). By mini-
mizing Lcons, 3DHumanEdit learns to maintain multi-view
consistency, making the edited human images more consis-
tent across different viewpoints.

Loss and Optimization We also introduce CLIP loss to
perform semantic constraints, which can be formulated as
follows:

Lclip = Eimg(xedit)
T ⊗ Eimg(x)

+ Eimg(xedit)
T ⊗ Etxt(t),

(12)

where the Eimg and Etxt represent the image and text en-
coder in CLIP model, ⊗ denotes the matrix multiplication
operator. To prevent degradation of the latent W in the
GAN during training, we randomly sample latent W with
105 times to calculate the average W . We then compute
the L2 loss for our final updated W(i)

final. The formulation

Lpena =
∑

i ||(W −W(i)
final)||2, serves as penalty term.

In summary, by integrating the aforementioned PSE Ψ
and the 3D human manipulation network Ω, we can ma-
nipulate 3D poses and shapes by minimizing the objective
function of Ψ and Ω:

min
Ψ,Ω

Lattn + Lcons + Lclip + Lpena. (13)

During network inference, by inputting the correspond-
ing manipulation text and invoking the segmented image,
the target manipulated image can be generated.

Experiments
Experimental Setup
Training Data and Metrics We generated 100,000 hu-
man body images using a 3D-aware generator (Zheng et al.

2024) trained on the DeepFashion dataset(Liu et al. 2016),
where the generator can output RGB images and segmen-
tation images. We then employed instructBLIP to generate
descriptions based on the RGB images and corresponding
prompts. These image and text data will serve as the train-
ing data for 3DHumanEdit. To assess the generated image
quality, we employed the Frechet Inception Distance (FID)
and Kernel Inception Distance (KID), which is a widely used
metric in the image generation domain. In order to evaluate
the similarity between the generated images and the corre-
sponding text, we utilized the CLIP-Score, wherein various
types of CLIP models were employed to obtain a more ac-
curate estimation.

Comparison Methods We compare 3DHumanEdit
with recent representative and state-of-the-art methods:
Text2human(Jiang et al. 2022) employs a codebook to
generate corresponding 2D human bodies based on text.
DreamAvatar(Cao et al. 2023) utilizes the SMPL model
and NeRF in conjunction with Score Distillation Sampling
(SDS) (Poole et al. 2022) to produce 3D human bodies.
Text2Avatar (Gong et al. 2024) utilizes a codebook-based
multimodal encoding approach to transform textual descrip-
tions into 3D human bodies. CCH (Fu et al. 2023) leverages
EVA3D and attention to generate corresponding 3D human
body. During the evaluation process, we relied on the
official implementations or pretrained models sourced from
the respective methods under consideration.

Qualitative Results
In Figure 3, we present the visualization results of 3DHu-
manEdit in comparison with competing methods. The ex-
periments reveal several issues with the competing meth-
ods. Text2Human fails to maintain 3D consistency, result-
ing in semantic inconsistencies across different viewpoints.
In some cases, images cannot be accurately manipulated
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Quality Relevance

Methods FID↓ KID↓ CLIP-S(B)↑ CLIP-S(L)↑ CLIP-S(G)↑
Text2human 13.8122 0.0032 26.7142 22.0762 20.9753
DreamAvatar 21.3453 0.0045 29.5101 24.1323 24.7442
Text2Avatar 16.0214 0.0038 27.0461 23.5044 22.4453
CCH 15.0332 0.0036 27.8442 24.5152 23.7221

Ours 11.4632 0.0029 31.3093 26.1144 25.1882

Table 1: Quantitative comparison of 3DHumanEdit and
competing methods in terms of image quality and seman-
tic accuracy. The types of CLIP-Score (B), (L), and (G)
correspond to CLIP models ViT-B/32, ViT-L/14, and ViT-
L/14@336px respectively. Best results are boldfaced and
second best results are underline.

by the text. Although DreamAvatar can maintain 3D con-
sistency, it suffers from severe artifacts and exhibits the
siamese phenomenon, where the character appears double-
faced. Text2Avatar is able to roughly adhere to the semantic
content of the textual description, yet its generated images
exhibit significant distortion. CCH generally maintains 3D
consistency and semantic alignment with the text, but there
are slight errors in clothing colors. In terms of capturing
fine-grained semantics such as the words ‘Dark’ and ‘Tight’,
CCH is not able to control them well. In contrast, 3DHu-
manEdit generates more realistic images, achieving pre-
cise manipulation while maintaining 3D consistency. This
demonstrates the superior performance of 3DHumanEdit in
both image fidelity and semantic accuracy.

Quantitative Results
We conduct a quantitative comparison between 3DHu-
manEdit and competing methods. We randomly selected
10,000 textual descriptions and generated corresponding im-
ages using both 3DHumanEdit and the competing methods.
The quality and accuracy of the generated results were eval-
uated using FID, KID, and CLIP-Score metrics, with all
metrics computed under the same conditions to ensure a fair
comparison. Table 1 presents the results of this quantitative
comparison in terms of FID, KID, and CLIP-Score. First,
we assess the fidelity of the generated images using FID
and KID. DreamAvatar exhibit significant artifacts due to
the SDS, resulting in a higher FID of 21.345. CCH achieves
an FID of 15.0332, which can be attributed to its lack of
3D consistency constraints. 3DHumanEdit achieves the best
FID of 11.463, attributed to the introduction of 3D consis-
tency. In addition to image fidelity, semantic consistency
is crucial for evaluating manipulation tasks. Text2Human
and Text2Avatar, which utilize codebook-based approaches,
struggle to understand complex textual content, resulting
in CLIP-S(L) scores of 22.0762 and 23.504, respectively.
3DHumanEdit, benefiting from its body part-aware capabil-
ities and efficient modality fusion method, demonstrates bet-
ter control over human body features and superior semantic
relevance, achieving a CLIP-S(L) score of 26.1144.

Body Part-aware Feature Alignment
In Figure 4, we conduct an experiment to demonstrate how
textual features and image features association with each

Figure 4: Visualization of body part-aware feature alignment
in attention mechanism.

Figure 5: Visual comparisons of different ablative models.

other, showcasing capability of body part-aware module .
We extracted the corresponding attention weights from the
3DHumanEdit and visualized them on the images, reveal-
ing that the attention corresponding to specific words in the
text focused accurately on the relevant regions of the images.
For instance, when referring to a ‘black hat’, the model high-
lights the area of the image where the hat is located, indicat-
ing a strong correspondence between the textual description
and visual representation. This attention mapping validates
the model understanding of body part-aware features. The
associated information captured during this attention pro-
cess will be utilized in the subsequent fusion learning phase,
enhancing the model to achieve precise control over the gen-
erated content.

Ablation Study
In Figure 5, we perform a series of ablation studies to verify
the efficacy of each component proposed in 3DHumanEdit.
The left image is the segmentation image and the subse-
quent images illustrate the effects of removing specific com-
ponents from 3DHumanEdit. By disabling the ‘PSE’, the
generated output without the shape information, resulting in
less accurate body proportions. Disabling the text-correlated
feature ‘token’ lacks the tokenization process, leading to a
diminished understanding of the textual descriptions such as
wrong boots and pants. Without T5 encoder, that means pro-
posed model without long text feature, which negatively im-
pacts linguistic coherence in the output. The image ‘w/o CA’
excludes the cross-attention mechanism, resulting in worse
alignment between textual and visual features. Finally, the
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Figure 6: 3DHumanEdit enables local manipulation by optionally modifying segmentation image or text.

Methods CLIP-S(B)↑ CLIP-S(L)↑ CLIP-S(G)↑
w/o Shape 26.1881 22.0422 22.8471
w/o Token 27.3537 23.6756 23.0038
w/o T5 28.8767 24.0788 23.8984
w/o CA 27.2666 22.4806 20.7435

Ours 31.3093 26.1144 25.1882

Table 2: Comparisons between 3DHumanEdit and its abla-
tive models in terms of semantic accuracy.

Figure 7: Multi-view visual comparisons of CCH and 3DHu-
manEdit in the long text validation experiment.

image showcases the output from 3DHumanEdit, demon-
strating the model capabilities in generating a coherent and
contextually accurate representation of the description. This
comparison highlights the importance of each component in
achieving high-quality image generation. Further, Table 2
presents a comparison of 3DHumanEdit and its ablative
models in terms of semantic accuracy. The model with-
out shape information attained CLIP-S(B) scores, highlight-
ing a significant drop in semantic coherence. Similarly, the
model without text-correlated feature ‘token’ suggests that
text-correlated feature plays a critical role in understanding
the textual input. The omission of the T5 modelslightly im-
proved the CLIP-related scores, but still fell short of the full
model’s performance. In contrast, 3DHumanEdit achieved
the highest scores across all metrics, demonstrating its supe-
rior capability in generating semantically accurate represen-
tations. This highlights the importance of each component
in maintaining high semantic correctness in the output.

Further Analysis

Figure 6 illustrates how 3DHumanEdit facilitates local ma-
nipulation by allowing users to modify segmentation im-
ages or text. For instance, users can change the text label
of a garment from ‘red top’ to ‘gray top’, resulting in a
corresponding modification of the top’s color in the gener-
ated output. Similarly, users can directly adjust segmentation
masks, such as altering the shape, color, or style of pants by
manipulating the mask itself. Manipulated results capability
to enhance creative control over image generation, enabling
users to achieve precise and contextually relevant modifi-
cations. Figure 7 presents a multi-view visual comparison
between CCH and 3DHumanEdit in the context of a long
text validation experiment. The CCH captures the outfit but
may lack certain nuances in detail and context. In contrast,
3DHumanEdit maintains the same outfit description but en-
hances the realism and coherence of the visual output. The
variations highlight the model ability to create contextually
rich representations, demonstrating its effectiveness in trans-
lating detailed textual descriptions into visually compelling
images.

Conclusion
In this paper, we explore the manipulation capabilities of 3D
GANs and address the challenges of achieving fine-grained
and multi-view consistent attribute manipulation. We pro-
pose a novel approach that integrates multi-modal feature
and body part-aware feature, enabling precise and 3D con-
sistency manipulation of individual body parts based on de-
tailed textual descriptions and segmentation images. Our
experiments demonstrate the superiority of 3DHumanEdit
over existing methods. This advancement presents a robust
and effective solution for conducting fine-grained and body
part-aware 3D Human manipulations.
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