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Figure 1. Gallery of the proposed AvatarPointillist.The leftmost column shows the input image, the middle column displays the Gaussian

point cloud generated by our AR model, and the rightmost column presents the final drivable 4D Gaussian avatar. The generation order

proceeds from bottom to top and left to right. It can be seen that our AR model directly models the Gaussian point cloud, allowing it to

simulate the adaptive point adjustment capability of Gaussian Splatting to produce precise geometry (e.g., hair and dense beards).

Abstract

We introduce AvatarPointillist, a novel framework

for generating dynamic 4D Gaussian avatars from a single

portrait image. At the core of our method is a decoder-

only Transformer that autoregressively generates a point

cloud for 3D Gaussian Splatting. This sequential ap-

proach allows for precise, adaptive construction, dynam-

ically adjusting point density and the total number of

points based on the subject’s complexity. During point

generation, the AR model also jointly predicts per-point

binding information, enabling realistic animation. After

generation, a dedicated Gaussian decoder converts the

points into complete, renderable Gaussian attributes. We

demonstrate that conditioning the decoder on the latent

features from the AR generator enables effective interaction

between stages and markedly improves fidelity. Extensive

experiments validate that AvatarPointillist produces high-

quality, photorealistic, and controllable avatars. We believe

this autoregressive formulation represents a new paradigm

for avatar generation, and we will release our code inspire

future research.

1. Introduction

The creation of photorealistic and animatable digital hu-

mans, often referred to as avatars, is a significant and highly

active research area in computer vision and graphics. This

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Comparison of different Gaussian point cloud modeling

approaches. LAM [22] constructs Gaussian point clouds based

on a point cloud template, which fails to reconstruct fine details

from the image, such as ponytails. In contrast, our method utilizes

an AR model to directly model the Gaussian point cloud. It

effectively learns the capability to adaptively adjust point density

and count, enabling precise modeling. Moreover, we also include

final rendering results for comparison. LAM produces distorted

geometry and shows noticeable artifacts.

technology holds the key to transformative applications

in virtual reality (VR), telepresence, filmmaking, and im-

mersive gaming. Broadly, existing approaches to avatar

animation can be categorized into two main paradigms:

2D-based animation and 3D-aware (or 4D) avatarization.

2D methods typically operate in the image domain to

generate expressive talking heads, while 4D methods focus

on building full 3D geometric representations that ensure

consistency across varying poses and viewpoints.

Early 2D methods in this domain primarily leveraged

Generative Adversarial Networks (GANs) [17, 28, 29]

and adopted a warping-then-generation scheme [19, 56–

58, 81, 82, 84] to synthesize facial expressions and pose

changes. With the recent emergence of powerful diffusion

models [20, 25, 55], a new wave of 2D methods has demon-

strated impressive results in generation quality and general-

ization capabilities [44, 68, 71, 72]. However, diffusion-

based techniques often require substantial computational

resources and suffer from long inference times due to the

need for multiple sampling steps. More fundamentally,

all 2D-based methods lack a sense of 3D structure. This

inherent limitation leads to poor handling of extreme pose

variations, noticeable geometric distortions, and an inability

to render avatars from arbitrary viewpoints.

4D-based methods generate animatable, multi-view-

consistent avatars by leveraging 3D geometry. Many

approaches use Neural Radiance Fields (NeRF)[49] as the

3D representation[10, 36, 40, 47, 85], achieving good

quality but suffering from slow rendering due to NeRF’s

inefficiency. Recently, 3D Gaussian Splatting (3DGS) [30]

has emerged as a faster alternative, enabling real-time

performance with photorealistic results. Some methods,

* This work is done partially when Hongyu is an intern at Ant Group.

§ Joint corresponding authors.

such as GAGAvatar [6] and LAM [22], leverage 3DGS

for single-image avatar generation, achieving good over-

all performance but with limited fidelity in fine-grained

and identity-specific details. We argue that this issue

arises from a fundamental problem in how these methods

model the explicit geometry in the 3DGS representation.

GAGAvatar [6], for instance, attempts to lift input 2D

features directly into 3D, bypassing a complete 3D point

cloud for representing the head. This design may limit its

ability to handle large-angle views and occluded regions,

requiring an auxiliary 2D network for final refinement.

LAM[22] addresses this by placing Gaussians directly in

a 3D canonical space. However, it relies on a fixed

point cloud template (e.g., FLAME vertices[35]) and uses

a constant number of Gaussians for all subjects. As

shown in Fig. 2, this rigid setup limits the model’s ability

to adaptively adjust the density or position of Gaussians

to capture subject-specific features like beards or unique

hairstyles. As a result, it loses one of the core advantages

of 3DGS: adaptive control over point distribution based on

geometry. This observation leads to our central question:

Can we design a generative model that learns the 3DGS

point cloud distribution directly, without relying on a fixed

template? Such a model would be free to decide where

to place points and how many to use, fully capturing the

flexible and adaptive nature that gives 3DGS its power.

In this paper, we propose AvatarPointillist, a novel

framework that directly tackles this challenge by cast-

ing 3DGS avatar generation as an autoregressive (AR)

sequential task. Unlike existing methods that rely on

fixed templates, our approach learns to generate the 3DGS

point cloud distribution from scratch. This point-by-point

generation paradigm fully embraces the adaptive and dy-

namic nature of 3DGS, enabling the model to adjust the

spatial distribution of Gaussians on the fly—placing points

with higher density and finer precision in geometrically

complex regions. To train this, we first employ a fitting

procedure [53] to construct Gaussian point data for each

identity in a 4D avatar dataset [32], creating dynamically

densified 3DGS data with animation binding for each

subject. We then quantize this data and train a decoder-only

Transformer using a next-token prediction objective. To

incorporate identity-specific features, we introduce cross-

attention mechanisms that inject identity embeddings into

the Transformer. Our model effectively learns to fit this

structured data, enabling it to adaptively adjust the spatial

distribution and scale of Gaussian points based on the

input image, thus supporting high-quality and identity-

aware avatar generation.

Once the sequential generation of the point cloud ge-

ometry is complete, we utilize a separate Transformer

based Gaussian decoder to translate these points into their

full Gaussian parameters (e.g., color, opacity, etc.) for
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rendering. We found that by conditioning this decoder on

the latent features from the AR generator, we significantly

enhance the final rendering quality. Comprehensive exper-

iments demonstrate that our method significantly outper-

forms all baselines, both quantitatively and qualitatively.

We believe this exploration of autoregressive generation

for explicit avatar geometry represents a promising new

direction for the community.

2. Related Works

This section briefly reviews related work, including 2D

and 3D-aware avatar generation methods, as well as recent

approaches on autoregressive geometry generation.

2.1. 2D-Based Animatable Avatar

Image-driven talking head synthesis has seen rapid ad-

vancements in recent years, particularly within the 2D

generation paradigm [3, 12, 16, 38, 43, 45, 46, 56–58,

66, 73, 78, 81, 82]. Many work leverages Generative

Adversarial Networks (GANs) to produce realistic speaking

face videos, then applies motion-driven warping, and finally

renders the output frames. To guide the warping process,

different motion cues such as facial landmarks [57, 81],

depth maps [26], and latent representations [3] have been

utilized to ensure accurate expression and motion transfer

from the driving source. With the emergence of diffusion-

based generative models, several recent approaches [44,

68, 71] have incorporated pre-trained diffusion backbones

into the one-shot talking face generation pipeline. These

methods benefit from strong priors learned on large-scale

image datasets. However, due to their inherently two-

dimensional modeling assumptions, these approaches often

struggle with large pose variations, leading to visible geo-

metric artifacts. Furthermore, they lack explicit 3D aware-

ness, making view control and consistent head movement

synthesis particularly challenging.

2.2. 3D-Aware Animatable Avatar

Fitting-Based Methods. Given a monocular video as in-

put, some per-subject optimization method utilizing repre-

sentations like meshes [18], NeRFs [14, 74, 91], SDFs [88],

points [89], and 3D Gaussians [5, 39, 67, 69]. However, the

optimization-based nature of these methods often leads to

overfitting on the input viewpoint, resulting in poor extrap-

olation to novel views. Some research [27, 49, 80] leverages

large-scale multi-view datasets [2, 32, 52, 75, 76, 87] to

learn rich, generalizable priors for geometry and appear-

ance. However, these approaches are fundamentally fitting-

based—they are primarily designed to reconstruct or adapt

a model to a specific subject, often from scratch. While they

can achieve impressive reconstruction quality, their proce-

dures are typically rigid and lack flexibility for broader use

cases. More recently, methods such as CAP4D [62] and

GAF [61] have introduced diffusion models to synthesize

multi-view images from a single input portrait, which are

then used to drive the avatar fitting process. Although this

strategy improves identity generalization, it still requires

considerable time for optimization, limiting its practicality

in real-time or one-shot scenarios.

End-to-End Methods. To address the need for general-

ization, end-to-end methods learn a powerful prior from

large-scale monocular [70] or multi-view datasets [32, 48],

enabling them to generate an animatable avatar from a

single or very few images. A significant milestone in

this direction is the advent of Neural Radiance Fields

(NeRF) [4, 7, 36, 37, 47, 49, 63, 77, 79, 90], which support

high-fidelity 3D reconstruction and fine-grained camera

control. Some approaches incorporate 3D supervision from

monocular 3D face reconstruction [8, 9, 13] or synthetic

multi-view data[10, 11, 40] for better perfomance. NeRF-

based pipelines have been widely integrated into one-shot

talking head generation frameworks, improving the realism

and 3D alignment of the synthesized results. More recently,

GAGAvatar [6], LAM [22], and Avat3R [33] demonstrated

the effectiveness of 3D Gaussian Splatting (3DGS) [31] in

this context, offering faster rendering while preserving high

visual quality. However, these methods still suffer from

some limitations. GAGAvatar [6], for instance, requires

an auxiliary neural network for refinement and its 2D-to-

3D lifting strategy struggles to realistically model unseen

regions. While LAM [22] addresses these particular issues,

it is constrained by a fixed-template point cloud [35]. This

static topology inherently limits its fidelity, as it cannot

adaptively adjust the Gaussian count to match subject-

specific features. Avat3R [33], on the other hand, is not

a one-shot method, requiring multiple input images, and

its network must be re-executed to generate the Gaussian

splatting for each new expression. In contrast, our method,

AvatarPointillist, addresses these limitations by formulating

the task as an autoregressive (AR) generative process. As a

one-shot generative model, it is not constrained by a fixed

template or topology. This AR approach allows our model

to dynamically and adaptively adjust the Gaussian distribu-

tion and total count, enabling the high-fidelity synthesis of

complex, subject-specific features.

2.3. Autoregressive Geometry Generation

Inspired by the profound success of autoregressive (AR)

models in natural language processing [1, 65], a significant

trend has emerged in applying sequential generation tech-

niques to 3D geometry. This paradigm typically treats a 3D

shape (e.g., a mesh or point cloud) as a sequence of discrete

tokens. A common strategy involves a two-stage process:

first, a Vector Quantized Autoencoder (VQ-VAE) [64]

learns a discrete vocabulary of geometric features; second,
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Figure 3. Overview of our framework. It consists of two modules: an autoregressive (AR) model for Gaussian geometry generation and

a Gaussian Decoder for predicting rendering attributes. The AR model takes image features from DINOv2 [51] and point cloud features

as input. The point cloud feature extract via Pixel3DMM [15] and a point cloud encoder [86]. The AR model is trained to generate a

Gaussian point cloud via next-token prediction, where each point is represented by four quantized tokens (T x
n , T

y
n , T

z
n , T

b
n) corresponding

to coordinates and binding information. After generation, the tokens are de-quantized to obtain the actual coordinates. We then combine the

positional embeddings Pn with the internal features F p
n from the AR model as input to the Gaussian Decoder to predict the final accurate

Gaussian attributes. Finally, the result is animated using Linear Blend Skinning (LBS) and the binding information.

a Transformer [65] is trained to autoregressively predict the

next token in the sequence. This approach is famously

demonstrated by MeshGPT [59] for triangle meshes, and

similar concepts have been applied to point clouds [60] and

implicit representations [50]. To overcome the challenge

of modeling long sequences, more recent methods like

Meshtron [21] and ARMesh [34] propose hierarchical or

coarse-to-fine AR generation, significantly improving the

fidelity of the resulting geometry.

3. Preliminary

In this section, we provide a brief overview of some

essential prerequisites that are closely related to our Avatar-

Pointillist in Section 4. We first introduce our 3DGS data

structure and explain how we construct the training data.

Then, we present how we quantize the data to make it

compatible with AR training.

3.1. Data Construction

We build our training data using the GaussianAvatars [69]

method and the Nersemble dataset [32]. Specifically,

for each identity in Nersemble, we first fit a complete

GaussianAvatars model. This method creates a 3DGS

representation where each Gaussian is bound to a specific

face of the FLAME mesh [35]. As described in their paper,

a 3D Gaussian is static in the local space of its parent

triangle but dynamic in the global space as the triangle

moves. For each Gaussian, the model defines its location µ,

rotation r, and scaling s in this local space. At rendering

time, these properties are converted to the global space

using the face’s transformation (rotation R, translation T ,

and scale k):

r′ = Rr, µ′ = kRµ+ T, s′ = ks.

We refer the reader to the original paper [69] for additional

implementation details. To construct our training data, we

use the canonical FLAME mesh of each identity to compute

the corresponding global canonical Gaussian point cloud.

Specifically, let N be the total number of Gaussians in the

point cloud, the final point cloud is defined as P as:

P = (x1, y1, z1, b1, x2, y2, ...xN , yN , zN , bN ). (1)

Here, xn, yn, zn are the global coordinates of the Gaussian

in the canonical space for each point, and bn is the binding

index, which indicates the FLAME face to which the point

is attached.

3.2. Quantization and Order of Coordinates

Following the approach introduced in [21], we adopt a

specific ordering strategy for our Gaussian point cloud. We

establish this order by sorting all points in a given cloud

based on their coordinate values. The primary sorting key

is the vertical y-axis, followed by the z-axis, and finally the

x-axis (a yzx sort order). This fixed sorting strategy ensures

that identical point clouds will always produce identical

input sequences for our model.

In addition to the point cloud coordinates, we structure

the sequences using three reserved token types similar
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to [21]: Start-of-Sequence (S), End-of-Sequence (E), and

Padding (P). For each sequence, we prepend a block of 4

start-of-sequence (S) tokens and append a block of 4 end-

of-sequence (E) tokens. This design choice reflects the fact

that each point consists of four values: the 3D coordinates

(x, y, z) and a binding index. Grouping the special tokens

in blocks of four ensures structural consistency within the

sequence representation.

Our autoregressive model requires discrete tokens as in-

put. We therefore convert our continuous point coordinates

into a discrete format using quantization. This is achieved

by dividing the coordinate space into a fixed number of

bins. The number of bins determines the granularity of the

resulting geometry, creating a trade-off between precision

and computational load. We found that 1024 quantization

levels (similar to strategies in prior work [21]) provide an

effective balance between model accuracy and efficiency

for representing our Gaussian points. Finally, after quan-

tization, our point cloud P is flattened into a single integer

sequence T for the autoregressive model:

T = (T x
1
, T

y
1
, T z

1
, T b

1
, . . . , T x

N , T
y
N , T z

N , T b
N ). (2)

Here, each coordinate T x
n , T

y
n , T

z
n is a discrete token in

the range [0, 1023], corresponding to our 1024 quantization

levels. The binding token T b
n is offset to occupy a distinct

part of the vocabulary, defined as T b
n = bn + 1024. Given

that bn is the original face index (with a maximum of 10144
faces, so bn ∈ [0, 10143]), the binding tokens T b

n fall within

the range [1024, 11167].

4. Method

We aim to develop a method that generates a 4D Gaussian

animatable avatar from a single source image Is, driven by

the motion of a target individual It. In Section 4.1, we

introduce an autoregressive mechanism for predicting the

canonical 3D Gaussian Splatting point cloud. Based on the

output of this AR model, a Gaussian decoder is employed

to infer the attributes of each point (e.g., position, scale, and

rotation). The input to the AR model consists of both the

previously generated 3DGS point and the model’s learned

implicit features, as described in Section 4.2. Furthermore,

since our AR model also predicts the binding between each

point and the template mesh, the generated canonical 3D

Gaussian representation can be animated by deforming it

with the mesh motion (see Section 4.3). An overview of the

pipeline is illustrated in Figure 3. We now describe each

component in detail.

4.1. Autoregressive Model

The core structure of our AR model is a decoder-only Trans-

former, the architecture is shown in Figure 3. Specifically,

our Transformer contains several layers, where each layer

contains a cross-attention layer, a self-attention layer, and a

feed-forward network.

For injecting the input image information, we use

DINOv2 [51] to extract the feature of the input image

directly. Meanwhile, since our AR model focuses on point

cloud generation, we also use an off-the-shelf 3D face

reconstruction model [15] to get the FLAME parameters.

We then use these parameters to get the sample vertices

from the FLAME mesh and use a point cloud encoder [86]

to obtain their features. Finally, the DINOv2 feature and

point cloud feature are concatenated and injected into our

decoder via the cross-attention layers.

With our Transformer, the output is generated by se-

quentially predicting each token Tn based on its condi-

tional probability given all previously generated tokens

T<n: p(Tn|T<n). The complete point cloud with binding

information is represented as a sequence of 4N tokens (i.e.,

N points with 4 quantized tokens each for x, y, z, and

binding). The joint probability of the entire sequence T is

modeled as:

p(T ) =

4N∏

n=1

p(Tn|T<n). (3)

The entire training process uses the standard cross-entropy

loss for next-token prediction.

4.2. Gaussian Decoder

Once the AR model generates the complete output se-

quence, we use a Transformer-based Gaussian decoder

to predict the full set of Gaussian parameters (as shown

in Fig. 3). First, we detokenize the token sequence to

recover the original coordinates (x, y, z) for each point.

Similar to LAM [22], these coordinates are passed through

a positional encoding [49] and an MLP to produce a per-

point geometric feature, Pn. Importantly, we found that the

inherent hidden states from the AR Transformer are also

crucial for improving generation quality (see Sec. 5.4). We

extract the final hidden state sequence F from AR model:

F = (F x
1
, F

y
1
, F z

1
, F b

1
, . . . , F x

N , F
y
N , F z

N , F b
N ). (4)

Since four tokens correspond to a single 3D point, an

MLP is used to assemble these four corresponding hidden

features (F x
n , F

y
n , F

z
n , F

b
n) into a single, comprehensive AR

feature, F p
n .

Finally, the two features for each point, the geometric

feature Pn and the AR feature F p
n are concatenated and

used as the input to the Gaussian Decoder. This decoder

then outputs the final attributes for each Gaussian point

k: ck ∈ R
3, opacity ok ∈ R, scale sk ∈ R

3, rotation

Rk ∈ SO(3), and a positional offset ∆pk ∈ R
3. More

specifically, this predicted offset ∆pk is added to the

canonical point positions, allowing the model to make fine-

grained geometric adjustments to better capture the target

person’s geometry.
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4.3. Expression Animation

Our AR model predicts accurate binding information for

each point, enabling us to animate the canonical 3D point

cloud directly using vertex-based Linear Blend Skinning

(LBS) and corrective blendshapes, in a manner similar to

the FLAME model. First, we interpolate vertex-specific

attributes from the FLAME mesh to our output points via

barycentric interpolation. For each point pi ∈ R
3, we de-

termine its corresponding triangle fi on the FLAME mesh

with the binding information and retrieve the triangle’s

vertex indices. Using the vertex positions, we compute the

barycentric coordinates (b0, b1, b2) of pi with respect to the

triangle. These coordinates are then used to interpolate the

FLAME attributes defined at the vertices. The interpolated

LBS weights ŵi and expression blendshapes ŝi for point pi
are computed as:

ŵi = b0W0 + b1W1 + b2W2

Ŝi = b0S0 + b1S1 + b2S2

(5)

where Wj and Sj are the LBS weights and expression

directions at vertex j ∈ {0, 1, 2} in the corresponding

triangle fi of the FLAME mesh.

Once equipped with these interpolated properties, our

Gaussian avatar is now fully rigged and can be driven by

the standard FLAME deformation process using pose (θ)

and expression (ψ) parameters.

4.4. Loss Functions and Training Strategy

Our model is trained in two stages. We first optimize the

AR model for sequential generation. After this stage is

complete, we freeze the AR model and separately train the

Gaussian Decoder using a combination of rendering losses.

4.4.1. Autoregressive Model Training

The AR Transformer is trained first, akin to a standard

language model. The objective is to accurately predict the

next token Tn in the quantized sequence. We optimize this

stage using a standard Cross-Entropy (CE) loss.

4.4.2. Gaussian Decoder Training

For each identity in the dataset, we use the trained AR

model to generate the latent sequence T and hidden states

F p
n , which are fed into the Gaussian Decoder to predict

3D Gaussian Splatting (3DGS) attributes. The decoder is

optimized by comparing the rendered image Ir with the

ground-truth view Igt using a combination of photometric

and perceptual losses. Specifically, we employ an L1 loss

to ensure pixel-wise color consistency, SSIM to preserve

structural similarity, LPIPS to enhance perceptual quality,

and a regularization term applied to constrain the predicted

offset. The overall objective is defined as:

Ltotal = λL1LL1 + λSSIMLSSIM

+ λLPIPSLLPIPS + λRegLReg

(6)

We empirically set the weights to λL1 = 1, λSSIM =
0.5, λLPIPS = 0.1 and λReg = 0.1.

5. Experiments

In this section, we first describe our experimental setup,

including implementation details, baselines, and evaluation

metrics. Then, we present quantitative and qualitative

results. Finally, we conduct an ablation study to validate our

model and contributions. Additional results are available in

the supplementary material.

5.1. Experimental Setup

Implementation Details. We train our model on the

NeRSemble dataset [32], which features a total of 419

identities. We randomly select 25 of these identities to

form our test set, using the remainder for training. To

generate the training data for our AR method, we first fit all

identities using the GaussianAvatars [53] method. During

the training of the autoregressive model, we utilize the

AdamW optimizer [41] with a learning rate of 1e-4. The

autoregressive model is trained on 16 NVIDIA H20 GPUs

for 50K steps with a batch size of 4. Since the point cloud

sequences are very long, we adopt the truncated training

strategy from [21]to enhance efficiency. Specifically, the

input token sequence is first partitioned into fixed-size

context windows, with padding applied to any segments

of insufficient length. Then, we utilize a sliding window

mechanism to shift the window step-by-step and train each

windowed segment accordingly. We set the window size

to 12000. For the Gaussian Decoder training, we also use

the Adam optimizer and train for 12500 steps on 8 NVIDIA

H20 GPUs with a batch size of 4. For more details, please

refer to the supplementary material.

Baselines.We compare our method with recent state-of-the-

art, single-image-guided 4D avatar reconstruction models,

including two NeRF-based methods (AvatarArtist [40] and

Portrait4Dv2 [11]) and two Gaussian Splatting-based meth-

ods (LAM [22] and GAGAvatar [6]).

Evaluation Metrics. To evaluate perceptual quality, we

adopt LPIPS [83] and FID [24]. Expression accuracy is

measured using the Average Keypoint Distance (AKD)[42],

while pose consistency is assessed by the Average Pose Dis-

tance (APD), with pose parameters extracted following[23].

For identity preservation, we employ CLIPScore [54] as our

ID metric.

5.2. Qualitative Results

As shown in Figure 4, we provide qualitative comparisons

for self-reenactment and cross-reenactment tasks. The first

column shows the source image and the target pose (inset).

We randomly select diverse viewpoints for a thorough
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Input AvatarArtist Portrait4DV2 LAMGAGAvatar Ours

Figure 4. Qualitative comparison with state-of-the-art methods. The leftmost column shows the input images, with the target image

displayed in the bottom-right corner. The first row presents self-reenactment results, while the remaining three rows show cross-reenactment

results. Our method demonstrates superior performance in expression and pose consistency, as well as better identity preservation compared

to other approaches.

Table 1. Quantitative evaluation of state-of-the-art methods and our approach on the NeRSemble dataset [32]. ↓ indicates lower is better

while ↑ indicates higher is better. Red highlights the best result, and Blue highlights the second-best result.

Method
Self reenactment Cross reenactment

LPIPS ↓ FID ↓ AKD ↓ APD ↓ FID ↓ CLIP ↑ AKD ↓ APD ↓

Portrait4Dv2 [11] 0.20 123.02 5.32 34.53 191.13 0.63 11.94 142.93

AvatarArtist [40] 0.21 118.94 6.87 39.58 175.69 0.61 9.32 187.31

LAM [22] 0.24 136.01 4.37 61.83 238.54 0.54 6.68 210.23

GAGAvatar [6] 0.18 111.76 3.93 27.94 181.22 0.71 10.01 170.12

Ours 0.15 95.18 2.38 22.86 160.74 0.75 5.93 153.13

evaluation. The top two rows shows self-reenactment

results , and the rest show cross-reenactment . Among

baselines, LAM shows clear artifacts, especially in complex

facial areas. AvatarArtist works for small pose changes but

struggles with larger ones. Portrait4Dv2 and GAGAvatar

produce coherent results but often have expression mis-

matches and over-smoothed hair. In contrast, our method

generates more realistic and consistent reenactments, with

better alignment in pose and expression. It also preserves

fine details like hair texture and facial contours, resulting in

sharper and more identity-accurate outputs.

5.3. Quantitative Results

Table 1 summarizes the quantitative results on the test set

of the NeRSemble dataset [32] under both self- and cross-

reenactment settings. For self-reenactment, the source
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AR PositionAR FeatureInput AR Position&&Feature(Ours)Flame Position

Figure 5. Visualization of ablation study on input setting of Gaussian decoder. The leftmost column shows the input. The FLAME

Positions baseline, similar to the LAM method, uses the canonical FLAME mesh vertices as a template and only applies decoder-predicted

offsets to deform this template into a final Gaussian point cloud. Pointwise AR Feature refers to using only the AR features (F p
n ) without

positional information, while Positional Encoding uses only the point embeddings (Pn) without AR features.

Table 2. Ablaiton study on the NeRSemble dataset [32]. ↓

indicates lower is better while ↑ indicates higher is better.

Method LPIPS ↓ FID ↓ AKD ↓ APD ↓

Flame Position 0.23 120.34 4.82 41.22

AR Feature 0.22 110.93 5.89 32.96

AR Position 0.19 103.80 5.81 41.49

Ours 0.15 95.18 2.38 22.86

image is randomly chosen from intermediate frames with

minimal occlusion. For cross-reenactment, a fixed motion

sequence is used as the target across all methods. All

baselines use the same source image per identity, and input

camera views are aligned across methods. We also align the

input camera views as closely as possible across methods

and use each method’s own tracking pipeline to obtain

ground-truth poses, further ensuring fairness in evaluation.

As shown in Table 1, our method consistently outperforms

all baselines across metrics in both tasks, showing superior

identity preservation and motion transfer accuracy.

5.4. Ablation Study

Effectiveness of autoregressive Model. We compare our

full method with a baseline called FLAME position, which

adopts a static-topology approach similar to LAM [22].

This baseline skips our AR model and directly uses 3D

vertices from the canonical FLAME mesh as input to the

Gaussian decoder, which then predicts offsets to refine these

fixed points. As shown in Figure 5, this static point cloud

fails to capture subject-specific geometry and shows limited

resemblance to the input image. It struggles with complex

regions like hair and cannot adaptively allocate points to

important areas. Additionally, since it relies only on point

embeddings without rich per-point features, the rendered

results often lack identity consistency. In contrast, our

AR model generates the 3D point cloud directly, allowing

more accurate geometry reconstruction. The AR features

also help the decoder produce higher-quality Gaussian

attributes.

Effectiveness of Input Setting of Gaussian Decoder.

We further analyze the impact of different inputs to the

Gaussian Decoder, as shown in Figure 5. Using only the

final AR hidden state F p
n (Pointwise AR Feature) yields

suboptimal results due to the lack of spatial information.

Using only de-quantized 3DGS coordinates Pn (Positional

Encoding) performs better by providing spatial context, but

misses the semantic richness of the AR features. Our full

method combines both Pn and F p
n , allowing the decoder to

leverage spatial guidance and deep semantic cues, resulting

in more accurate attribute prediction and the best overall

quality.

6. Conclusion

We propose AvatarPointillist, a novel framework for one-

shot 4D Gaussian avatar generation. At its core is an autore-

gressive model that learns to generate Gaussian point clouds

point by point, removing fixed topology constraints. This

enables dynamic control over the number and placement of

Gaussians, focusing more on complex, identity-specific ar-

eas and fully exploiting the adaptive nature of 3D Gaussian

Splatting (3DGS). Our two-stage architecture feeds the AR

model’s output and hidden features into a Gaussian decoder

to predict high-quality rendering attributes. Experiments

show that AvatarPointillist outperforms prior methods in

both quantitative metrics and visual quality. We believe

this autoregressive approach offers a promising direction for

explicit 3D avatar generation.
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