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Figure 1: Given a monocular video sequence, StyleTalker can reconstruct a text-controlled 3D stylized digital
head which can be animated to different expressions. It not only achieves high-quality editing results but
also effectively preserves the original identity.

Abstract

We introduce StyleTalker, a text-guided framework for editing and animating dynamic
3D head avatars from a monocular video. Current 3D scene editing techniques face two
main challenges when applied in this task: 1) They typically require multi-view videos for
accurate geometry reconstruction. Additionally, they are not suited for dynamic scenarios,
making them ineffective for editing talking head avatars from a single-view video. 2) They
struggle with fine-grained local edits, largely due to biases inherited from pre-trained 2D
image diffusion models and limitations in detecting detailed facial landmarks. To overcome
these challenges, we propose StyleTalker with two key innovations: 1) A mesh-enhanced
3D Gaussian reconstruction approach that combines 3D head priors with multi-view
video diffusion, improving the accuracy and flexibility of the reconstruction process. 2) A
landmark-driven talking head editing method that uses 3D facial landmarks to guide
the editing process. By adjusting the strength of the edits based on the distance to these
landmarks, our method ensures that the avatar’s original identity is preserved while achieving
the desired editing. Our extensive experiments demonstrate that StyleTalker outperforms
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current state-of-the-art methods, delivering high-quality edits and enabling the animation of
avatars with diverse facial expressions, all based on a single-source video.

1 Introduction

The modeling and animation of 3D head avatars is a crucial task with significant implications for fields
such as digital telepresence, game character design, and augmented/virtual reality (AR/VR). Traditionally,
creating realistic 3D head avatars required considerable time and expertise in art and engineering. Recent
advancements in deep learning have enabled high-fidelity 3D head reconstruction and animation. However,
these methods typically rely on dense multi-view video inputs, limiting their applicability in lightweight or
real-time applications.

Recent developments in neural rendering techniques, particularly neural radiance fields (NeRF) Mildenhall
et al. (2020) and 3D Gaussian Splatting (3DGS) Kerbl et al. (2023), have significantly propelled the state
of the art in reconstructing animatable 3D avatars from monocular video inputs Yu et al. (2023); Xiang
et al. (2024); Jiang et al. (2023). However, as the quality of these avatars approaches lifelike detail, concerns
regarding privacy and identity security, particularly in virtual environments like the metaverse, become
increasingly important. This underscores the urgent need for editable talking head avatars that respect both
the identity and desired changes in expression and appearance. In this work, we take the initiative and
showcase the potential of addressing this challenge by leveraging the 3D generative methods in Fig. 1.

Recently, the availability of large datasets Xia et al. (2021); Rostamzadeh et al. (2018) containing extensive
text-image pairs have driven significant advances in vision-language models (e.g., CLIP Radford et al. (2021))
and diffusion models (e.g., Stable Diffusion Stability.AI (2022); Saharia et al. (2022); Rombach et al. (2022)).
These advancements have led to the emergence of text-guided 3D scene editing methods Brooks et al. (2023);
Park et al. (2024); Haque et al. (2023); Dong & Wang (2023); Chen et al. (2024a); Wu et al. (2024). A notable
approach is Instruct-NeRF2NeRF (IN2N) Haque et al. (2023), which uses an image-conditioned diffusion
model Brooks et al. (2023) to iteratively edit images rendered from NeRF. Subsequent works have built on
this idea of editing 3D scenes via 2D renderings and improve IN2N from various angles, including improving
visual quality Dong & Wang (2023), incorporating 3D Gaussian Splitting (3DGS) for better efficiency Wu
et al. (2024), and enabling more controllable and localized editing Chen et al. (2024a).

Considering the flexibility and strong performance of IN2N and its follow-up works, it might seem that
these 3D scene editing methods are adequate for editing talking head avatars while maintaining the original
identity. However, existing methods have two key limitations (see Fig. 4): 1) Dependence on multi-view
or static video inputs. Existing text-guided 3D scene editing methods rely on multi-view images for the
COLMAP Schönberger & Frahm (2016) reconstruction process and overlook dynamic scenarios, making them
unsuitable for editing dynamic talking head avatars from a monocular video. 2) Limitations in fine-grained
local editing. Although GaussianEditor Chen et al. (2024a) enables local editing by targeting specific areas
using the large language model (i.e., Lang-SAM Kirillov et al. (2023)), we find that this approach is still
prone to identity loss. This problem arises from two main causes: (i) Lang-SAM struggles to accurately locate
detailed facial landmarks, which are crucial for preserving identity, and (ii) the image diffusion model used can
produce varying levels of editing strength across iterations, resulting in inconsistent gradient back-propagation.

To address the challenges, we introduce a novel 3D scene editing method, StyleTalker, designed to edit talking
head avatars from monocular videos. Our approach consists of two key components: 1) Mesh-enhanced
3D Gaussian reconstruction. To achieve high-quality 3D reconstructions from a single-view video, we
propose a two-stage training strategy that integrates both 3D head priors and multi-view video diffusion
models into the reconstruction pipeline. 2) Landmark-driven talking head editing. To overcome the
difficulties of localized editing while preserving the original identity, we introduce landmark-driven editing.
Specifically, we leverage 3D landmarks as a guide to control the editing strength across different facial regions.
By adjusting the editing strength based on the distance to landmarks, we successfully ensure the original
identity is preserved while following the editing instructions. Our method also allows the edited avatars to be
animated with different expressions, driven by a source video.
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Figure 2: Overview of StyleTalker. Our method takes as input a monocular video and text prompts to
edit dynamic 3D scenes represented by 3D Gaussian Splatting. (1) We first integrate both 3D head prior
and multi-view video diffusion model (V3D) to reconstruct the detailed 3D Gaussian head. (2) We propose a
weighted loss related to edit strength b and the 3D facial landmarks, effectively achieve local editing while
maintaining the original character identity.

We conduct a comprehensive evaluation of StyleTalker by applying it to edit a variety of talking head avatars
using different text prompts (see Fig. 1). The experimental results demonstrate that StyleTalker achieves
high-quality edited 3D geometry and texture from monocular videos while preserving the identity of the
avatars through local edits. This performance significantly surpasses that of existing methods. Furthermore,
our edited avatars can be animated with diverse expressions based on a driven video.

2 Related Work

Text-guided image generation and editing. Recent advances in vision-language models, such as
CLIP Radford et al. (2021), and diffusion models Ho et al. (2020); Dhariwal & Nichol (2020); Rombach
et al. (2022); Song et al. (2021), have enabled the generation of detailed 2D content from text prompts,
driven by large-scale text-image datasets Schuhmann et al. (2022; 2021). Models such as DALL·E 2 Ramesh
et al. (2022), Imagen Saharia et al. (2022), and Stable Diffusion Stability.AI (2022) create realistic images
from textual descriptions. Building on this, research has focused on refining the control of results Zhang &
Agrawala (2023); Zhao et al. (2023); Mou et al. (2023), extending diffusion models to video generation Singer
et al. (2023); Blattmann et al. (2023), and enabling diverse editing tasks for images and videos Hertz et al.
(2022); Kawar et al. (2023); Wu et al. (2023); Brooks et al. (2023); Valevski et al. (2022); Esser et al. (2023);
Hertz et al. (2023). Efforts to improve content generation for personalized subjects include DreamBooth Ruiz
et al. (2023) and textual inversion Gal et al. (2023). Despite the significant progress made in text-to-image and
text-to-video generation, achieving the desired outcome from text prompts remains a challenge, particularly
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for editing tasks. One of the key difficulties is the inherent unpredictability of these models. In the case of
head avatars, this randomness often leads to the loss of the original facial expressions, making it difficult to
maintain consistency with the source avatar while editing.

Text-guided 3D scene editing. With the progress in differentiable 3D representations, such as
NeRF Mildenhall et al. (2020) and 3DGS (Kerbl et al., 2023), and the progress in diffusion-based text-to-2D
generation models Stability.AI (2022); Brooks et al. (2023), text-driven 3D scene editing methods have
emerged. These methods aim to modify 3D objects or scenes simply based on a textual description. One of
the earliest attempts in this area, Instruct-NeRF2NeRF (IN2N) Haque et al. (2023), proposes leveraging
Instruct-Pix2Pix(Brooks et al., 2023) to edit 2D renderings and backpropagates gradients to edit the 3D scene.
While IN2N shows potential, it suffers from several issues, including instability, inefficient training, blurry
results, and geometry distortion. To address these limitations, subsequent works Po et al. (2024); Wang et al.
(2024) have aimed to enhance performance from various angles: Instruct-Gaussian2Gaussian Cyrus & Ayyan
(2023) replaces NeRF with 3DGS and introduces more effective dataset updating strategies to boost training
efficiency. Vica-NeRF Dong & Wang (2023) proposes selecting reference images from the input dataset, edit
them with Instruct-Pix2Pix, and blend the results across the rest of the dataset to reduce inconsistencies.
However, this blending technique often results in blurry edits, particularly with human subjects, and does
not fully address the consistency issue. Other methods, such as DreamEditor Zhuang et al. (2023), utilize
personalized models like DreamBooth Ruiz et al. (2023) for localized editing, while TIP-Editor Zhuang
et al. (2024) introduces a 3D bounding box as a condition to enhance control over specific areas in the
scene. Despite these improvements, such techniques still struggle with modifying internal geometry and
textures in a way that maintains consistency and realism. Finally, approaches such as GaussianEditor Chen
et al. (2024a) and GaussCTRL Wu et al. (2024) utilize large language models Kirillov et al. (2023) and
depth-conditioned ControlNet Zhang & Agrawala (2023) to enable more precise, text-driven local editing.
Although these methods show promise in some contexts, they heavily rely on “multi-view” “static” videos as
inputs to reconstruct the 3D geometry via COLMAP Schönberger & Frahm (2016). These limitations make
it challenging for them to edit talking head avatars from a monocular video.

3D head reconstruction. Reconstructing 3D head avatars from monocular videos is both a popular and
challenging research area. Early approaches Cao et al. (2015; 2016); Ichim et al. (2015); Hu et al. (2017);
Deng et al. (2019); Nagano et al. (2018) focused on optimizing a morphable mesh to fit the video data.
More recent methods Grassal et al. (2022); Khakhulin et al. (2022) use neural networks to model non-rigid
deformations over 3D morphable face models (3DMM)Li et al. (2017b); Gerig et al. (2018b), allowing for the
recovery of more dynamic facial details. However, these methods still lack the flexibility to handle complex
topological variations in the geometry. As a result, newer techniques have begun exploring more advanced
representations, such as implicit Signed Distance Fields (SDF) Zheng et al. (2022), point clouds Zheng et al.
(2023), and Neural Radiance Fields (NeRF) Guo et al. (2021); Liu et al. (2022); Gafni et al. (2021); Athar
et al. (2023; 2022); Gao et al. (2022); Xu et al. (2023a); Zielonka et al. (2023); Xu et al. (2023b); Qin et al.
(2024), which offer better handling of detailed, complex head structures and dynamic features.

3 Methodology

Given a single-view video of a talking head avatar, we begin by preprocessing each frame with the Basel Face
Model (BFM) Schönberger & Frahm (2016) to extract the head pose θ and expression β coefficients. As
depicted in Fig. 2, our approach proceeds in two main stages: (1) high-quality reconstruction using both
mesh and 3D Gaussian Splatting, and (2) editing and animation through a pre-trained diffusion model. In
the following sections, we first introduce the foundational concepts underlying our method in Sec. 3.1. We
then describe the key components of StyleTalker, including (1) mesh-enhanced 3D Gaussian reconstruction
via multi-view video diffusion model Chen et al. (2024b) in Sec. 3.2, and (2) landmark-driven talking head
editing for identity-preserving head editing in Sec. 3.3.
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3.1 Preliminaries

3D Gaussian Splatting. 3D Gaussian Splatting (3DGS) Kerbl et al. (2023) directly optimizes the 3D
positions x and attributes of 3D Gaussians. Each 3D Gaussian, denoted as G(x), is defined by a 3D covariance
matrix Σ and a mean (center) at µ:

G(x) = e− 1
2 (x−µ)T Σ−1(x−µ). (1)

To improve rendering efficiency, 3DGS utilizes a tile-based rasterizer Lassner & Zollhofer (2021). The screen
is partitioned into tiles, typically sized 16 × 16 pixels, with each Gaussian instantiated according to the
number of overlapping tiles. A key is assigned to each Gaussian, which stores information about its depth in
view space and its corresponding tile ID. These Gaussians are then sorted by depth to handle occlusions
and overlapping geometries during the rasterization process correctly. 3DGS employs a point-based α-blend
rendering technique to compute the RGB color C for the rendering, by sampling points along a ray at intervals
δi:

Ccolor =
∑
i∈N

ciσi

i−1∏
j=1

(1 − σj) , σi = αie
− 1

2 (x)TΣ−1(x), (2)

where ci is the color of each point along the ray and σi represents the opacity.

3D scene editing. Building upon techniques like Instruct-Pix2Pix Brooks et al. (2023) and NeRF Mildenhall
et al. (2020)/3DGS Kerbl et al. (2023), current methods for 3D scene editing typically follow a two-step
process to achieve their desired outcomes:

1) Image editing. Given a rendered image from a specific camera viewpoint for each iteration, the network
will first introduce Gaussian noise to the image. This noisy image, along with the text embedding y and the
original training image, is used as input for Instruct-Pix2Pix, which generates an edited version reflecting the
desired changes. These modifications are then back-propagated to the 3DGS scene to update the 3D model
accordingly.

2) Dataset update. In addition to back-propagating the editing direction, the network will also periodically
update the entire dataset, typically every 2, 500 training iterations. This update involves replacing the original
images with their edited versions, ensuring progressively stronger and more accurate 3D edits over time.

3.2 Mesh-enhanced 3D Gaussian reconstruction

Existing 3D scene editing methods typically rely on multi-view images as input, which enables the use of
COLMAP Schönberger & Frahm (2016) to extract camera calibrations and reconstruct the original 3D scene.
Additionally, current techniques Haque et al. (2023); Chen et al. (2024a); Wu et al. (2024) often assume
a static scene. However, these assumptions can restrict the method’s applicability in real-world scenarios,
particularly in cases such as talking head videos, where multi-view images are rarely available. Given the rapid
advancements in generating multi-view videos from single-view inputs, it might be assumed that applying
these models to create multi-view videos could effectively solve the problem. However, we observe that current
techniques Xie et al. (2024) still struggle with head-related tasks, making it impractical to simultaneously
train both deformable geometry and texture at the same stage. To overcome these challenges, we propose a
two-stage training strategy that integrates both 3D head priors and multi-view video diffusion models into
the reconstruction pipeline.

Mesh-based deformation field. In Sec. 3.1, we describe the strengths of 3DGS. Nevertheless, we note
that directly training the deformation field using 3DGS would necessitate a highly detailed initialization. To
address this, we follow Gaussian-Head-Avatar Xu et al. (2024) and use DMTet Shen et al. (2021) to first
optimize the 3D deformable geometry. Specifically, we initialize DMTet using a unit sphere, and for each
point x, we predict both its color (c) and position (pos) as follows:

cx = ˆMLPcolor(f, β), posx = MLPdeform(f, γ(x)), (3)
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where ˆMLPcolor and MLPdeform are MLPs to respectively predict the color and position value. f denotes a
learnable feature that is randomly initialized, which serves as the connection between color and geometry to
improve the reconstruction quality. β represents the expression coefficients predicted via BFM Gerig et al.
(2018a), and γ(·) is the pose embedding function.

To learn the deformation field MLPdeform, we supervise the training via:

L = λrgb · LRGB + λdef · Ldef + λsil · Lsil + λlmk · Llmk, (4)

LRGB = ||Crender − Cgt||1, Ldef = ||P − Pgt||2, Lsil = IOU(M, Mgt), (5)

where Cgt and Mgt respectively denote the ground-truth RGB image and mask from the input monocular
video, P represents the predicted expression conditioned landmarks, IOU denotes Intersection over Union
metrics, and Llmk is a regularization term that ensures the SDF values at the 3D landmarks are close to zero,
thereby positioning the landmarks on the surface of the mesh.

Diffusion-guided color pre-training. Although the above optimization learns color information, it
struggles with producing view-consistent textures. This limitation arises because the training images used for
DMTet only include frontal views, leading to poor performance when the model is rotated to other angles.
To address this, we propose leveraging a pre-trained video diffusion model (i.e., V3D Chen et al. (2024b))
to optimize a 3DGS scene. Specifically, we begin by extracting the mesh from DMTet, which provides the
vertex positions x, per-vertex feature vectors f , and the mesh faces. These components serve as the initial
geometry for 3DGS optimization. Next, we randomly select a frame from the input video that depicts a
neutral expression. We then use the pre-trained V3D model to generate multi-view images, which are used to
train the model:

cx = MLPcolor(f, β), posx = MLPdeform(f, γ(x)), Attrix = MLPAttri(f, β), (6)

where Attrix denotes the attributes of 3D Gaussian point x.

Importantly, we train the color MLP MLPcolor and attribute MLP MLPattri from scratch to ensure the color
consistency of the textures, while we retain the pre-trained weights for the deformation MLP MLPdeform. This
design helps mitigate the risk of geometry distortion, as the generated multi-view images may still exhibit
some inconsistency, particularly when transitioning between different viewpoints (see Fig. 8). Note that the
model is supervised via generated multi-view images with the same loss functions as in Eq. 4.

3.3 Landmark-driven talking head editing

Once the reconstruction is obtained, editing it locally to achieve the desired changes while preserving the
original identity presents an additional challenge. GaussianEditor Chen et al. (2024a) has tackled this by using
a large language model (Lang-SAM Kirillov et al. (2023)). However, when applied to head avatars, Lang-SAM
tends to treat the entire head as a single segment, failing to distinguish smaller, critical features such as
facial landmarks that are key to a person’s identity. This limitation makes it difficult for GaussianEditor to
maintain the original identity during edits.

To tackle this challenge, one might consider using ControlNet-based Instruct-Pix2Pix Brooks et al. (2023) as
in HeadSculpt, which might appear to be a promising solution. However, this approach is prone to inheriting
biases from the pre-trained diffusion model. These biases arise because, during each iteration, the employed
diffusion model (e.g., Instruct-Pix2Pix) will randomly apply an editing strength, denoted as b, with b sampled
from a Gaussian distribution (i.e., b ∼ N (0.5, 1)). Typically, when b exceeds 0.7, the edited image loses most
of the original identity. While setting b to a constant value may seem like a potential fix, it leads to two key
issues: 1) insufficient editing, and 2) unwanted modifications to areas such as clothing or other untargeted
regions (see Fig. 6).

To this end, we propose a landmark-driven approach to talking head editing, which controls the strength of
edits applied to different regions by adjusting the editing strength parameter b locally according to the 3D
point’s position x. Specifically, given an editing instruction y and an input image Cgt, we first pass them
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Table 1: Quantitative comparisons. CLIP numbers are calculated via CLIP-L/14. “GE”: GaussianEditor;
“GC”: GaussCtrl.

IN2N (GS) (Cyrus & Ayyan, 2023) GE (Chen et al., 2024a) GC (Wu et al., 2024) Ours
User Study 10.0% 13.3% 3.3% 73.3%

CLIP-DS ↑ 0.60 0.63 0.59 0.68
CLIP-S ↑ 0.27 0.29 0.30 0.32

Table 2: Quantitative comparisons under the same setting with multi-view videos. CLIP numbers
are calculated via CLIP-L/14. “GE”: GaussianEditor; “GC”: GaussCtrl.

IN2N (GS) (Cyrus & Ayyan, 2023) GE (Chen et al., 2024a) GC (Wu et al., 2024) Ours
User Study 12.6% 17.1% 9.6% 60.7%

CLIP-DS ↑ 0.60 0.56 0.64 0.68
CLIP-S ↑ 0.23 0.31 0.28 0.32

through Instruct-Pix2Pix to generate an edited image Cedit. Following Wu et al. (2024); Chen et al. (2024a),
we then adopt the ℓ1 loss:

Ledit = ||Cedit − Crender||1, (7)
where Crender is the rendered image.

However, directly back-propagating this loss leads to the issues mentioned earlier. To resolve this, for each
3D Gaussian point x, we calculate its distance d (with d > 0) to the nearest 3D landmark and then compute
a weight map w = 2 · sigmoid(−d · α), where α is a hyperparameter. This allows our landmark-driven editing
method to adjust the loss function as follows:

Ledit :=
{

Ledit · w, b >= 0.5
Ledit · (1 − w), b < 0.5.

(8)

We set α = 5 for our experiments.

4 Experiments

We now assess the performance of StyleTalker across various scenarios and provide a comparative analysis
with state-of-the-art 3D scene editing pipelines.

Implementation details. We build our network based on the implementation of Gaussian-Head-Avatar Xu
et al. (2024). Specifically, we first preprocess the data by removing the background and extracting 64-
dimensional 2D facial landmarks from all images. We then extract the 3D landmarks, expression coefficients
β ∈ R64, head pose θ ∈ R3 by passing all frames into the Basel Face Model (BFM) Gerig et al. (2018a). For
each input monocular video, we select a frame with a neutral expression using V3D Chen et al. (2024b) to
obtain multi-view information from six cameras positioned approximately 120 degrees apart in the front.
We collect 10 data sets from NerSemble Kirschstein et al. (2023) to perform the experiments provided in
the paper. For each experiment, we train the mesh-based deformation field for 10, 000 iterations (around 10
minutes), followed by the diffusion-guided color pre-training for 2, 000 iterations (approximately 5 minutes).
Afterward, we train the edit stage for 20, 000 iterations with a batch size of 1 until full convergence, which
takes around 60 minutes. All experiments are run on a single 4090 GPU using the Adam Kingma & Ba (2015)
optimizer, with a learning rate of 0.0001. The hyperparameters are set to λrgb = 0.1, λdef = 1, λsil = 0.1,
λlmk = 0.01.

Baseline methods. We compare our editing results with three baselines: GaussianEditor Chen et al.
(2024a), IN2N(GS) Haque et al. (2023), and GaussCTRL Wu et al. (2024). We do not include IN2N and
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Table 3: Quantitative comparisons regarding the reconstruction quality.

PointAvatar
Zheng et al.

(2023)

FlashAvatar
Xiang et al.

(2024)

INSTA
Zielonka

et al. (2023)

Gaussian-
Head-Avatar

Xu et al.
(2024)

Ours Ours (18 views)

LPIPS ↓ 0.086 0.075 0.071 0.062 0.070 0.065
SSIM ↓ 0.833 0.877 0.879 0.884 0.884 0.888
PSNR ↑ 24.48 27.41 26.77 27.59 27.50 27.57

Vica-NeRF in the comparison, as they have been shown to perform similarly or worse than the methods
mentioned above. Additionally, we cannot compare with TextToon Song et al. (2024) due to the unavailability
of their code.

4.1 Quantitative evaluations

User studies. We conducted user studies to compare our method against three baseline approaches Cyrus
& Ayyan (2023); Chen et al. (2024a); Wu et al. (2024). A total of 30 volunteers viewed 15 rotating videos
generated by different methods and were asked to select the one they preferred the most. The results,
summarized in Tab. 1 and Tab. 2, show that our method received the highest preference overall.

CLIP-based metrics. Building on the approach from GaussCtrl Wu et al. (2024), we compute two metrics
to assess editing performance: CLIP-Score (CLIP-S Hessel et al. (2021) and CLIP Directional Similarity
(CLIP-DS) Brooks et al. (2023); Gal et al. (2022). These metrics are calculated using 15 results, and the
numbers are presented in Tab. 1 and Tab. 2. The results demonstrate the superiority of our framework,
emphasizing its enhanced editing fidelity and superior preservation of identity when compared to alternative
methods

Reconstruction quality. We further conduct additional quantitative evaluations of reconstruction quality.
Specifically, we use 7 examples from the NeRSermble dataset to calculate the numbers. The results, presented
in Tab. 3, demonstrate that (1) our method achieves slightly better performance compared to state-of-the-art
reconstruction techniques, and (2) our method performs on par with Gaussian-Head-Avatar that requires
multi-view videos as the input. Note that the values are calculated based on the ground-truth monocular
video and corresponding renderings from the reconstructed head.

Table 4: Quantitative comparisons regarding the recon-
struction quality.

Ours (6 views) Ours (18 views)
Overall quality ↑ 38.9% 61.1%

Absence of artifacts ↑ 24.6% 75.4%

Analysis of the number of views by
V3D Chen et al. (2024b). In our ap-
proach, we employ V3D to generate 6-
view multi-view images as priors for high-
quality reconstruction, striking a balance
between quality and efficiency. To fur-
ther explore the potential of V3D, we also
generate 18 views to assess whether addi-
tional views can enhance reconstruction
quality. We conducted a user study with
27 volunteers. Each participant is required to compared 15 pairs of rotating results and selected the better
one based on two criteria: a) overall quality and b) absence of artifacts. The statistical results, shown in
Tab. 4, indicate that increasing the number of views from 6 to 18 yields a clear improvement in reconstruction
quality. (2) We also show the quantitative evaluations in Tab. 3. By increasing the number of views from 6
to 18 yields, we can observe consistent improvements across different metrics.

4.2 Qualitative evaluations
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“Turn him into a clown”

IN2N(GS) GaussianEditor GaussCtrl Ours

“Turn him into a Modigliani painting”Original Look

“Turn him into a Van Gogh Style”

“Turn him into a dog”

Figure 4: Comparison with existing 3D scene editing methods. Unlike other methods that struggle or
fail to preserve the original identity and facial expressions, our method consistently addresses these issues
and delivers superior results.

� ≥ 0.5 (< 0.5) � ≥ 0.3 (< 0.3) � ≥ 0.7 (< 0.7)Original Look

Figure 3: Different edit results of applying different bound-
aries for the editing strength b.

Talking head editing under various
scenarios. In Fig. 1, we present a di-
verse set of 3D talking head avatars edited
using our method. The results consis-
tently demonstrate identity-preserving ed-
its with high-quality geometry and tex-
ture, viewed from multiple angles.

Talking head editing with different
animation. Our method pre-trains a
deformation field MLPdeform and incorpo-
rates the face expression parameters β
during the reconstruction stage. This enables us to animate the edited head avatars using expressions from
any source video. To showcase this capability, we present several animated examples in Fig. 1. The results
demonstrate that our method produces high-quality animations that align with the driving video while
preserving the original edits.
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Table 5: Quantitative comparisons regarding the ablation studies.

w/o V3D Chen et al. (2024b) w/o mesh-enhanced deformation field (Sec. 3.2) Ours
LPIPS ↓ 0.083 0.335 0.070
SSIM ↓ 0.870 0.786 0.884
PSNR ↑ 26.11 21.51 27.50

“Tum him into a Modigliani painting”

Weight Map Weight Map
“Tum him into a Modigliani 

painting”
“Tum him into a Van Gogh 

Style”

𝛼 = 5

𝛼 = 50

Figure 5: Different edit results by modifying the control weight w.

Talking head editing with different edit scale. In Fig. 5, we demonstrate that our method allows for
adjustable editing levels by modifying the control weight w. Furthermore, the intensity of the editing can be
fine-tuned by adjusting the boundary of b in Eq.8. For instance, we set b >= 0.3(b < 0.3), b >= 0.5(b < 0.5),
and b >= 0.7(b < 0.7) as the boundary for experiments and present the corresponding results in Fig. 3.

Comparisons with baseline methods. We present qualitative comparisons with existing methods in
Fig. 4. The following key insights can be drawn from the visual results: (1) All baseline methods tend to
distort the original identity in their edited outputs. (2) These methods often alter the character’s clothing or
the background, which is undesirable in most cases. (3) The baseline methods fail to preserve the original
facial expressions, frequently resulting in neutral expressions in the edited images. In contrast, our method
consistently delivers superior results by preserving both identity and expression, along with high-quality
geometry and texture. Additional comparisons are available in the supplementary material.

4.3 Ablation studies

Effectiveness of mesh-based deformation field. We begin by conducting ablation studies to evaluate
the effect of the mesh-based deformation field, with the results shown in Fig. 7, Fig. 8, and Tab. 5. Specifically,
we compare two variants: (D1) We initialize the 3D Gaussian Surface (3DGS) from a unit sphere and perform
the 3D reconstruction directly using the proposed diffusion-guided color pre-training. (D2) We initialize the
3DGS from a well-trained DMTet model but train the MLPdeform from scratch during the diffusion-guided
color pre-training. The comparing D1 and D2 with our final results shows that: (1) Without the proposed
mesh-based deformation field, the 3D reconstruction suffers from significant geometric distortions that
negatively impact the quality of results; (2) the pre-trained MLPdeform plays a crucial role in preserving facial
expressions in the edited results.

Effectiveness of multi-view video diffusion model. In Fig. 8 and Tab. 5, we present additional ablation
studies to highlight the effectiveness of the multi-view video diffusion model. The visual results demonstrate
that without V3D, the 3D reconstruction fails to produce high-quality results when observed from side views.
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Ours loss E1 E3 E4Original Look E2

Figure 6: Different edit results with different loss functions.
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Figure 7: Effectiveness of mesh-based defor-
mation field.
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Figure 8: Analysis of mesh-enhanced recon-
struction.

Effectiveness of landmark-driven talking head editing. In Fig. 6, we show edited results using
different configurations of loss functions. Among them, (E1) applies the original loss function Ledit as in
Eq. 7, with a fixed editing strength of b = 0.8; (E2) follows the same setup as (E1) uses a smaller editing
strength with b = 0.2; (E3) also starts with (E1) but sets the editing strength randomly, following a Gaussian
distribution; (E4) applies a modified loss function Ledit := Ledit · w. From the results shown in Fig. 6, we
make the following observations: (1) when the editing strength is fixed at a large value, the original identity
of the avatar is lost; (2) a small editing strength will instead lead to insufficient editing; (3) both E3 and E4
will lead to insufficient editing, failing to produce the desired level of modification.

5 Conclusion

We introduce StyleTalker, a novel pipeline for editing and animating 3D talking heads from a monocular
video. Our approach begins with a two-stage training strategy, incorporating mesh-enhanced 3D Gaussian
reconstruction to integrate 3D head priors and multi-view video diffusion models, thus enabling high-quality
deformable meshes from a single-view video. We then introduce landmark-driven talking head editing that
preserves the original identity while performing fine-grained editing. Extensive evaluations demonstrate that
our method delivers impressive results across a wide range of scenarios, outperforming current state-of-the-art
methods.

Limitations. While demonstrating the potential for editable talking head, we recognize that StyleTalker has
certain limitations: 1) It inherits constraints from InstructPix2Pix Brooks et al. (2023), such as the inability
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to perform large-scale spatial edits (e.g., removing a nose). 2) The editing process is not yet real-time, our
method still requires a non-negligible amount of time to generate the edited talking avatar.

References
ShahRukh Athar, Zexiang Xu, Kalyan Sunkavalli, Eli Shechtman, and Zhixin Shu. Rignerf: Fully controllable

neural 3d portraits. In Proceedings of the IEEE/CVF conference on Computer Vision and Pattern
Recognition, pp. 20364–20373, 2022. 4

ShahRukh Athar, Zhixin Shu, and Dimitris Samaras. Flame-in-nerf: Neural control of radiance fields for
free view face animation. In 2023 IEEE 17th International Conference on Automatic Face and Gesture
Recognition (FG), pp. 1–8. IEEE, 2023. 4

Andreas Blattmann, Robin Rombach, Huan Ling, Tim Dockhorn, Seung Wook Kim, Sanja Fidler, and
Karsten Kreis. Align your latents: High-resolution video synthesis with latent diffusion models. In CVPR,
2023. 3

Tim Brooks, Aleksander Holynski, and Alexei A Efros. Instructpix2pix: Learning to follow image editing
instructions. In CVPR, 2023. 2, 3, 4, 5, 6, 8, 11

Chen Cao, Derek Bradley, Kun Zhou, and Thabo Beeler. Real-time high-fidelity facial performance capture.
ACM Transactions on Graphics (ToG), 34(4):1–9, 2015. 4

Chen Cao, Hongzhi Wu, Yanlin Weng, Tianjia Shao, and Kun Zhou. Real-time facial animation with
image-based dynamic avatars. ACM Transactions on Graphics, 35(4), 2016. 4

Yiwen Chen, Zilong Chen, Chi Zhang, Feng Wang, Xiaofeng Yang, Yikai Wang, Zhongang Cai, Lei Yang,
Huaping Liu, and Guosheng Lin. Gaussianeditor: Swift and controllable 3d editing with gaussian splatting.
In CVPR, 2024a. 2, 4, 5, 6, 7, 8

Zilong Chen, Yikai Wang, Feng Wang, Zhengyi Wang, and Huaping Liu. V3d: Video diffusion models are
effective 3d generators. arXiv preprint arXiv:2403.06738, 2024b. 4, 6, 7, 8, 10

Vachha Cyrus and Haque Ayyan. Instruct-gaussian2gaussian: Editing 3d gaussian splatting scenes with
instructions. https://instruct-gs2gs.github.io/, 2023. 4, 7, 8

Yu Deng, Jiaolong Yang, Sicheng Xu, Dong Chen, Yunde Jia, and Xin Tong. Accurate 3d face reconstruction
with weakly-supervised learning: From single image to image set. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition workshops, pp. 0–0, 2019. 4

Prafulla Dhariwal and Alexander Nichol. Diffusion models beat gans on image synthesis. In NeurIPS, 2020. 3

Jiahua Dong and Yu-Xiong Wang. Vica-nerf: View-consistency-aware 3d editing of neural radiance fields. In
NeurIPS, 2023. 2, 4

Patrick Esser, Johnathan Chiu, Parmida Atighehchian, Jonathan Granskog, and Anastasis Germanidis.
Structure and content-guided video synthesis with diffusion models. arXiv preprint arXiv:2302.03011, 2023.
3

Guy Gafni, Justus Thies, Michael Zollhofer, and Matthias Nießner. Dynamic neural radiance fields for
monocular 4d facial avatar reconstruction. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 8649–8658, 2021. 4

Rinon Gal, Or Patashnik, Haggai Maron, Amit H Bermano, Gal Chechik, and Daniel Cohen-Or. Stylegan-
nada: Clip-guided domain adaptation of image generators. ACM Transactions on Graphics (TOG), 2022.
8

Rinon Gal, Yuval Alaluf, Yuval Atzmon, Or Patashnik, Amit H Bermano, Gal Chechik, and Daniel Cohen-Or.
An image is worth one word: Personalizing text-to-image generation using textual inversion. In ICLR,
2023. 3

12

https://instruct-gs2gs.github.io/


Under review as submission to TMLR

Xuan Gao, Chenglai Zhong, Jun Xiang, Yang Hong, Yudong Guo, and Juyong Zhang. Reconstructing
personalized semantic facial nerf models from monocular video. ACM Transactions on Graphics (TOG), 41
(6):1–12, 2022. 4

Thomas Gerig, Andreas Morel-Forster, Clemens Blumer, Bernhard Egger, Marcel Luthi, Sandro Schönborn,
and Thomas Vetter. Morphable face models-an open framework. In 2018 13th IEEE international conference
on automatic face & gesture recognition (FG 2018), 2018a. 6, 7

Thomas Gerig, Andreas Morel-Forster, Clemens Blumer, Bernhard Egger, Marcel Luthi, Sandro Schönborn,
and Thomas Vetter. Morphable face models-an open framework. In 2018 13th IEEE international conference
on automatic face & gesture recognition (FG 2018), pp. 75–82. IEEE, 2018b. 4

Philip-William Grassal, Malte Prinzler, Titus Leistner, Carsten Rother, Matthias Nießner, and Justus Thies.
Neural head avatars from monocular rgb videos. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 18653–18664, 2022. 4

Yudong Guo, Keyu Chen, Sen Liang, Yong-Jin Liu, Hujun Bao, and Juyong Zhang. Ad-nerf: Audio driven
neural radiance fields for talking head synthesis. In Proceedings of the IEEE/CVF international conference
on computer vision, pp. 5784–5794, 2021. 4

Ayaan Haque, Matthew Tancik, Alexei A Efros, Aleksander Holynski, and Angjoo Kanazawa. Instruct-
nerf2nerf: Editing 3d scenes with instructions. In ICCV, 2023. 2, 4, 5, 7

Amir Hertz, Ron Mokady, Jay Tenenbaum, Kfir Aberman, Yael Pritch, and Daniel Cohen-Or. Prompt-to-
prompt image editing with cross attention control. arXiv preprint arXiv:2208.01626, 2022. 3

Amir Hertz, Kfir Aberman, and Daniel Cohen-Or. Delta denoising score. arXiv preprint arXiv:2304.07090,
2023. 3

Jack Hessel, Ari Holtzman, Maxwell Forbes, Ronan Le Bras, and Yejin Choi. Clipscore: A reference-free
evaluation metric for image captioning. In EMNLP, 2021. 8

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. In NeurIPS, 2020. 3

Liwen Hu, Shunsuke Saito, Lingyu Wei, Koki Nagano, Jaewoo Seo, Jens Fursund, Iman Sadeghi, Carrie
Sun, Yen-Chun Chen, and Hao Li. Avatar digitization from a single image for real-time rendering. ACM
Transactions on Graphics (ToG), 36(6):1–14, 2017. 4

Alexandru Eugen Ichim, Sofien Bouaziz, and Mark Pauly. Dynamic 3d avatar creation from hand-held video
input. ACM Transactions on Graphics (ToG), 34(4):1–14, 2015. 4

Tianjian Jiang, Xu Chen, Jie Song, and Otmar Hilliges. Instantavatar: Learning avatars from monocular
video in 60 seconds. CVPR, 2023. 2

Bahjat Kawar, Shiran Zada, Oran Lang, Omer Tov, Huiwen Chang, Tali Dekel, Inbar Mosseri, and Michal
Irani. Imagic: Text-based real image editing with diffusion models. In CVPR, 2023. 3

Bernhard Kerbl, Georgios Kopanas, Thomas Leimkühler, and George Drettakis. 3d gaussian splatting for
real-time radiance field rendering. ACM Transactions on Graphics, 2023. 2, 4, 5

Taras Khakhulin, Vanessa Sklyarova, Victor Lempitsky, and Egor Zakharov. Realistic one-shot mesh-based
head avatars. In European Conference on Computer Vision, pp. 345–362. Springer, 2022. 4

Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic optimization. In ICLR, 2015. 7

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete Xiao,
Spencer Whitehead, Alexander C. Berg, Wan-Yen Lo, Piotr Dollar, and Ross Girshick. Segment anything.
In ICCV, 2023. 2, 4, 6

Tobias Kirschstein, Shenhan Qian, Simon Giebenhain, Tim Walter, and Matthias Nießner. Nersemble:
Multi-view radiance field reconstruction of human heads. SIGIR, 2023. 7

13



Under review as submission to TMLR

Christoph Lassner and Michael Zollhofer. Pulsar: Efficient sphere-based neural rendering. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 1440–1449, 2021. 5

Tianye Li, Timo Bolkart, Michael. J. Black, Hao Li, and Javier Romero. Learning a model of facial shape
and expression from 4D scans. ACM Transactions on Graphics, (Proc. SIGGRAPH Asia), 36(6), 2017a.
URL https://doi.org/10.1145/3130800.3130813. 18

Tianye Li, Timo Bolkart, Michael J Black, Hao Li, and Javier Romero. Learning a model of facial shape and
expression from 4d scans. ACM Trans. Graph., 36(6):194–1, 2017b. 4

Xian Liu, Yinghao Xu, Qianyi Wu, Hang Zhou, Wayne Wu, and Bolei Zhou. Semantic-aware implicit neural
audio-driven video portrait generation. In European conference on computer vision, pp. 106–125. Springer,
2022. 4

Ben Mildenhall, Pratul P Srinivasan, Matthew Tancik, Jonathan T Barron, Ravi Ramamoorthi, and Ren Ng.
Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020. 2, 4, 5

Chong Mou, Xintao Wang, Liangbin Xie, Jian Zhang, Zhongang Qi, Ying Shan, and Xiaohu Qie. T2i-adapter:
Learning adapters to dig out more controllable ability for text-to-image diffusion models. arXiv preprint
arXiv:2302.08453, 2023. 3

Koki Nagano, Jaewoo Seo, Jun Xing, Lingyu Wei, Zimo Li, Shunsuke Saito, Aviral Agarwal, Jens Fursund,
Hao Li, Richard Roberts, et al. pagan: real-time avatars using dynamic textures. ACM Trans. Graph., 37
(6):258, 2018. 4

Jangho Park, Gihyun Kwon, and Jong Chul Ye. Ed-nerf: Efficient text-guided editing of 3d scene using latent
space nerf. ICLR, 2024. 2

Ryan Po, Wang Yifan, Vladislav Golyanik, Kfir Aberman, Jonathan T Barron, Amit Bermano, Eric Chan,
Tali Dekel, Aleksander Holynski, Angjoo Kanazawa, et al. State of the art on diffusion models for visual
computing. In Computer Graphics Forum, volume 43, pp. e15063. Wiley Online Library, 2024. 4

Minghan Qin, Yifan Liu, Yuelang Xu, Xiaochen Zhao, Yebin Liu, and Haoqian Wang. High-fidelity 3d
head avatars reconstruction through spatially-varying expression conditioned neural radiance field. In
Proceedings of the AAAI Conference on Artificial Intelligence, volume 38, pp. 4569–4577, 2024. 4

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual models from natural
language supervision. 2021. 2, 3

Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, and Mark Chen. Hierarchical text-conditional
image generation with clip latents. arXiv preprint arXiv:2204.06125, 2022. 3

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer. High-resolution
image synthesis with latent diffusion models. In CVPR, 2022. 2, 3

Negar Rostamzadeh, Seyedarian Hosseini, Thomas Boquet, Wojciech Stokowiec, Ying Zhang, Christian
Jauvin, and Chris Pal. Fashion-gen: The generative fashion dataset and challenge, 2018. 2

Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch, Michael Rubinstein, and Kfir Aberman. Dreambooth:
Fine tuning text-to-image diffusion models for subject-driven generation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2023. 3, 4

Chitwan Saharia, William Chan, Saurabh Saxena, Lala Li, Jay Whang, Emily Denton, Seyed Kamyar Seyed
Ghasemipour, Burcu Karagol Ayan, S Sara Mahdavi, Rapha Gontijo Lopes, et al. Photorealistic text-
to-image diffusion models with deep language understanding. arXiv preprint arXiv:2205.11487, 2022. 2,
3

Johannes Lutz Schönberger and Jan-Michael Frahm. Structure-from-motion revisited. In CVPR, 2016. 2, 4, 5

14

https://doi.org/10.1145/3130800.3130813


Under review as submission to TMLR

Christoph Schuhmann, Richard Vencu, Romain Beaumont, Robert Kaczmarczyk, Clayton Mullis, Aarush
Katta, Theo Coombes, Jenia Jitsev, and Aran Komatsuzaki. Laion-400m: Open dataset of clip-filtered 400
million image-text pairs. arXiv preprint arXiv:2111.02114, 2021. 3

Christoph Schuhmann, Romain Beaumont, Richard Vencu, Cade Gordon, Ross Wightman, Mehdi Cherti,
Theo Coombes, Aarush Katta, Clayton Mullis, Mitchell Wortsman, et al. Laion-5b: An open large-scale
dataset for training next generation image-text models. In NeurIPS, 2022. 3

Tianchang Shen, Jun Gao, Kangxue Yin, Ming-Yu Liu, and Sanja Fidler. Deep marching tetrahedra: a
hybrid representation for high-resolution 3d shape synthesis. In NeurIPS, 2021. 5

Uriel Singer, Adam Polyak, Thomas Hayes, Xi Yin, Jie An, Songyang Zhang, Qiyuan Hu, Harry Yang, Oron
Ashual, Oran Gafni, et al. Make-a-video: Text-to-video generation without text-video data. In ICLR, 2023.
3

Jiaming Song, Chenlin Meng, and Stefano Ermon. Denoising diffusion implicit models. In ICLR, 2021. 3

Luchuan Song, Lele Chen, Celong Liu, Pinxin Liu, and Chenliang Xu. Texttoon: Real-time text toonify head
avatar from single video. arXiv preprint arXiv:2410.07160, 2024. 8

Stability.AI. Stable diffusion. https://stability.ai/blog/stable-diffusion-public-release, 2022. 2,
3, 4

Dani Valevski, Matan Kalman, Yossi Matias, and Yaniv Leviathan. Unitune: Text-driven image editing by
fine tuning an image generation model on a single image. arXiv preprint arXiv:2210.09477, 2022. 3

Lizhen Wang, Zhiyuan Chen, Tao Yu, Chenguang Ma, Liang Li, and Yebin Liu. Faceverse: a fine-grained
and detail-controllable 3d face morphable model from a hybrid dataset. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, pp. 20333–20342, 2022. 18

Ruihe Wang, Yukang Cao, Kai Han, and Kwan-Yee K Wong. A survey on 3d human avatar modeling–from
reconstruction to generation. arXiv preprint arXiv:2406.04253, 2024. 4

Jay Zhangjie Wu, Yixiao Ge, Xintao Wang, Stan Weixian Lei, Yuchao Gu, Wynne Hsu, Ying Shan, Xiaohu
Qie, and Mike Zheng Shou. Tune-a-video: One-shot tuning of image diffusion models for text-to-video
generation. In ICCV, 2023. 3

Jing Wu, Jia-Wang Bian, Xinghui Li, Guangrun Wang, Ian Reid, Philip Torr, and Victor Adrian Prisacariu.
Gaussctrl: multi-view consistent text-driven 3d gaussian splatting editing. ECCV, 2024. 2, 4, 5, 7, 8

Weihao Xia, Yujiu Yang, Jing-Hao Xue, and Baoyuan Wu. Tedigan: Text-guided diverse face image generation
and manipulation. In CVPR, 2021. 2

Jun Xiang, Xuan Gao, Yudong Guo, and Juyong Zhang. Flashavatar: High-fidelity head avatar with efficient
gaussian embedding. In CVPR, 2024. 2, 8

Yiming Xie, Chun-Han Yao, Vikram Voleti, Huaizu Jiang, and Varun Jampani. Sv4d: Dynamic 3d content
generation with multi-frame and multi-view consistency. arXiv preprint arXiv:2407.17470, 2024. 5, 17

Yuelang Xu, Lizhen Wang, Xiaochen Zhao, Hongwen Zhang, and Yebin Liu. Avatarmav: Fast 3d head avatar
reconstruction using motion-aware neural voxels. In ACM SIGGRAPH 2023 Conference Proceedings, pp.
1–10, 2023a. 4

Yuelang Xu, Hongwen Zhang, Lizhen Wang, Xiaochen Zhao, Han Huang, Guojun Qi, and Yebin Liu.
Latentavatar: Learning latent expression code for expressive neural head avatar. In ACM SIGGRAPH
2023 Conference Proceedings, pp. 1–10, 2023b. 4

Yuelang Xu, Benwang Chen, Zhe Li, Hongwen Zhang, Lizhen Wang, Zerong Zheng, and Yebin Liu. Gaussian
head avatar: Ultra high-fidelity head avatar via dynamic gaussians. In CVPR, 2024. 5, 7, 8

15

https://stability.ai/blog/stable-diffusion-public-release


Under review as submission to TMLR

Zhengming Yu, Wei Cheng, Xian Liu, Wayne Wu, and Kwan-Yee Lin. Monohuman: Animatable human
neural field from monocular video. In CVPR, 2023. 2

Lvmin Zhang and Maneesh Agrawala. Adding conditional control to text-to-image diffusion models. arXiv
preprint arXiv:2302.05543, 2023. 3, 4

Rui Zhao, Wei Li, Zhipeng Hu, Lincheng Li, Zhengxia Zou, Zhenwei Shi, and Changjie Fan. Zero-shot
text-to-parameter translation for game character auto-creation. In CVPR, 2023. 3

Yufeng Zheng, Victoria Fernández Abrevaya, Marcel C. Bühler, Xu Chen, Michael J. Black, and Otmar
Hilliges. I M Avatar: Implicit morphable head avatars from videos. In CVPR, 2022. 4

Yufeng Zheng, Wang Yifan, Gordon Wetzstein, Michael J Black, and Otmar Hilliges. Pointavatar: Deformable
point-based head avatars from videos. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 21057–21067, 2023. 4, 8

Jingyu Zhuang, Chen Wang, Lingjie Liu, Liang Lin, and Guanbin Li. Dreameditor: Text-driven 3d scene
editing with neural fields. arXiv preprint arXiv:2306.13455, 2023. 4

Jingyu Zhuang, Di Kang, Yan-Pei Cao, Guanbin Li, Liang Lin, and Ying Shan. Tip-editor: An accurate 3d
editor following both text-prompts and image-prompts. arXiv preprint arXiv:2401.14828, 2024. 4

Wojciech Zielonka, Timo Bolkart, and Justus Thies. Instant volumetric head avatars. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 4574–4584, 2023. 4, 8

Appendix

A Further illustration

More description of landmark loss. Here, we provide a detailed explanation of how the landmark loss
works during training. Specifically, at each iteration:

• The edit strength is randomly sampled from a Gaussian distribution.

• For each 3D Gaussian point, we calculate its weight w based on the distance d, using the formula:
w = 2 × sigmoid(−d × a). This results in a monotonically decreasing relationship between w and
d; that is, the farther a point is from the landmark, the smaller its weight w. Conversely, 1 − w
increases with d.

• As shown in Eq. 8, when the randomly sampled edit strength is larger than or equal to 0.5, indicating
a result for stronger edits, the model assigns higher weights w to points closer to the landmarks.
Conversely, when the edit strength is smaller than 0.5, lower weights 1 − w are assigned to these
points.

This landmark-driven loss encourages the model to focus edits on the facial region, mitigating the influence
of unwanted gradients caused by small edit strengths that could otherwise result in minimal edits. Note that
varying the α value controls the degree of localization in editing (see Fig. 5). We also refer the readers to
Fig. 6 for ablation studies on the effectiveness of our proposed landmark-driven loss.

Motivation behind the weight map function. The motivation behind our design of the weight map is
three-fold: (1) In prior 3D editing methods, the edit strength is typically sampled from a Gaussian distribution
at each iteration. This leads to undesired minimal edits for human head avatars, as gradients from small edit
strengths tend to average out those from larger strengths. (2) Simply fixing the edit strength to a constant
value, whether large or small, also proves to be ineffective. A large edit strength may cause loss of identity,
while a small one often leads to negligible edits. (3) To address this, we thus design a loss function that
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emphasizes gradients from stronger edits while still retaining useful information from weaker ones to maintain
quality and identity. Our current weight map design is a specific implementation of this idea, which assigns
weights based on the distance to 3D landmarks, effectively guiding the model to preserve identity while
enabling meaningful edits.

Explanation for not generating Multi-View Videos from Input Monocular Video As mentioned
in Sec. 3.2 of the main text, we selected a single frame with a natural facial expression from the monocular
video and used V3D to generate multi-view images, rather than converting the entire monocular video into a
multi-view video. That is because current techniques Xie et al. (2024) still struggle with head-related tasks,
making it impractical to generate multi-view videos from the input monocular video, as shown in Fig. 9.

Monocular 
Input

Right
View

Left
View

SV4D-Based Multi-View Video Generation

Multi-View Image Generation via V3D from a Neutral Expression Frame (for StyleTalker)

SV4D

V3D

Figure 9: Limitation of Generating Multi-View Videos from Input Monocular Video

Analysis regarding face model We follow our baseline method (Gaussian Head Avatar) to employ
BFM for extracting facial parameters, a common practice in recent 3DMM-based approaches. Since we
primarily rely on high-level facial parameters, such as landmarks, expression coefficients, and head pose,
the finer texture details captured by more recent face models are unlikely to significantly affect our results.
To demonstrate our choice, we further perform quantitative comparisons of reconstruction quality across
different face models (as in Tab. 6), using 7 examples from the NeRSermble dataset:

B Additional Qualitative Comparison

We present additional qualitative results compared to existing methods, as detailed in Sec. 4.2. The results in
Fig. 10 demonstrate that our approach not only adheres closely to the given edit prompts but also preserves
the person’s original characteristics, such as clothing, facial structure, and features.
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Table 6: Quantitative comparisons regarding the employed face model.

Using FaceVerse (Wang et al., 2022) Using FLAME (Li et al., 2017a) Using BFM
LPIPS ↓ 0.073 0.071 0.070
SSIM ↓ 0.880 0.884 0.884
PSNR ↑ 27.45 27.38 27.50

“Turn him into Terracotta Army”

“Turn him into a vampire with pale skin and sharp fangs”

“Turn him old”

“Turn her into a Da Vinci painting”

“Give him a beard”

IN2N(GS) GaussCtrGaussianEditor l Ours

Original Look

Figure 10: Additional Qualitative Comparison with existing 3D scene editing methods.
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C Additional Animation Results

StyleTalker not only achieves high-quality editing results but can also be driven by arbitrary speakers. Fig 11
showcases the outcomes of both character editing and driving, demonstrating that our results accurately align
with the expressions of the target speaker. Furthermore, our outputs exhibit superior clarity and maintain
strong multi-view consistency.

“Turn him look like Mario in Mario Franchise”

“Turn him into a marble sculpture”

“Turn him into a Modigliani painting”

“Turn the person old”
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Figure 11: Talking head editing with different animation results.
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