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Abstract—Despite the remarkable process of talking-head-based generation, they also raise significant concerns regarding the
avatar-creating solutions, directly generating anchor-style videos quality and fidelity of the generated content.
with full-body motions remains challenging. In this study, we A common practice in popular 2D avatar systems is GAN-

propose Make-Your-Anchor+, a novel system necessitating only a . . .
one-minute video clip of an individual for training, subsequently Pased talking face generati¢f, [2], [3], [4], which focuses

enabling the automatic generation of anchor-style videos with €xclusively on editing the lip or facial region. These methodsrely
precise torso and hand movements. Specifically, we finetune aon GANs[5], [6], [7] to manipulate facial appearances. Despite
proposed structure-guided diffusionmodel oninputvideotorender - gchieving remarkable visual quality, they restrict the anchor’s
3D mesh conditions into human appearances. We adopt a tWo- jeqrees of freedom. To generate more natural and expressive

stage training strategy for the diffusion model, effectively mapping ~."% .
movements with specific appearances to create digital avatars for digital avatars, researchers have explored motion trafféfer

online streamers, live shopping hosts, and other applications. To [9], [10], [11] and co-speech-driven generatifdr?], [13]. By
produce arbitrary long temporal video, we extract human motion learning mappings from motion or speech to a person’s appear-
information from video diffusion prior by adapting the frame-wise  ance, these methods can produce full-body talking videos with
diffusion model to pretrained video diffusion weights with lower torso and hand movements. However, GAN-based approaches

cost, and a simple yet effective batch-overlapped temporal denois- o . - . .
ing module is proposed to bypass the constraints on video length often struggle to maintain high visual fidelity for fine details or

during inference. Finally, a novel identity-specific face enhance- rapid motion.
ment module is introduced to improve the visual quality of facial re- Recently, diffusion modelfl4] have demonstrated impres-
gions in the output videos. Comparative experiments demonstrate sjve generation quality for human imadés). By conditioning
the system’s effectlveljess_and superiority in visual qqallty, tem- on pose or deptlil6], [17], text-to-image diffusion models
poral coherence, and identity preservation, outperforming SOTA . . . .
diffusion/non-diffusion methods. such as Stable Diffusiofil5] can synthesize human bodies
with specific gestures, poses, and expressions, while identity
Index Terms—Human video generation, digital human synthesis. ~gn pe preserved via personalized fine-turit®j, [19], [20],
[21]. However, the inherent stochasticity of the diffusion process
I. INTRODUCTION prevents these models from generating temporally consistent

. _ _ human videos directly.
A UTOMATICALLY generating 2D human videos with re-  gyisting video diffusion modelf22], [23] have been proven

—\ alistic expressions, body movements, and gestures Unglefenerate temporally consistent videos with simple motions
diverse conditions—such as audio, text, music, or motion—hagq natural scenes. DreamPg24] extends Stable Diffusion
broad applications in e-commerce, online education, virtual cog; e conditioned on an input image and pose, animating a
ferencing, and VR. While Al-powered digital anchors providgyj; human image along a given motion sequence. D5
advantages such as continuous availability and rapid contginer incorporates pose and background Control ik to

compose diverse motions and scenes via a pretraining strategy,

Received 9 September 2024; revised 26 November 2025; accepted 8 Jan@zﬂ?bl'ng geperqllzable human dance ge_nerat'on' Despite thelse
2026. Date of publication 19 January 2026; date of current version 2 March 202a@lvances, diffusion-based approaches still struggle to synthesize

This work was supported in part by the National Natural Science Foundatipe facial detail rat tur nd temporall nsistent
of China under Grant 62572458, in part by CCF-Tencent Rhino-Bird Open € facla .de. a S a(.:cu a € gestu _es_, a .d. emporally consiste
Research Fund, in part by Beijing Film Academy Research Base Project unfi@mes—Ilimiting their utility fo_r realistic digital anchors. Recent
Grant 7000452203/033, and in part by the National Science and Technolagethods[26], [27], [28], [29] introduce temporal modules to

Council, Taiwan, under Grant 113-2221-E006-161-MY3. Recommended fgktend image diffusion to video diffusion, training all weights on
acceptance by L. LiuCorresponding author: Fan Tang.)

Ziyao Huang, Fan Tang, Juan Cao, and Jintao Li are with the Institute $d€0 datasets. While effective, the;e approach_es require care-
Computing Technology, Chinese Academy of Sciences, Beijing 100045, Chifially curated datasets and substantial computational resources.

and also with the University of Chinese Academy of Sciences, Beijing 101408 oregver. most existing methods re|y on a single input image
China (e-mail: tfan.108@gmail.com). '

Yong Zhang is with Tencent, Shenzhen 518054, China. as the appearance reference, which often results in identity

Xiaodong Cun is with Great Bay University, Guangdong 523000, China. distortion due to the inherently ill-posed nature of the problem

Yihang Bo is with Beijing Film Academy, Beijing 100088, China. [30] [31]

Tong-Yee Lee is with National Cheng Kung University, Tainan 701, T « » . .
Taiwan. In this study, we propose “Make-Your-Anchor+”, a diffusion-

Digital Object Identifier 10.1109/TVCG.2026.3655478 based 2D avatar generation framework for creating customized

1077-2626 © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and similar teetinologi
Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/fodexore information.



2884 IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 32, NO. 4, APRIL 2026

digital avatars. While diffusion-based approaches achieve im- II. RELATED WORK
pressive visual quality, generating human images or videRs
remains challenging in terms of identity preservatjd@] and -
motion consistencf26], [27], [29]. To address this, we learnto  Talking face generation methofi|, [2], [3], [43] generate
link human appearance with parametric human representatidhgnan videos with various expressions and poses conditioned
Specifically, we replace text CLIB3] inputs with image-based on a given audio or motion, which can be categorized into
appearance features and introduce a ControlNet-style modulge types: editing facial regions or generating dynamic head
tion network to map appearance to pose control sequences otidgos. Editing-based techniques, such as WavPlipr Vide-
frame-by-frame basis. Our system is pretrained on an existioBetalking[43], face the problem of lip-gesture inconsistency.
anchor datasdB4] and fine-tuned on a one-minute video otJsually, the gestures are fixed for different types of talking
a target individual. To generate temporally consistent videggntent. Generating dynamic head videos requires methods that
we propose a novel adaptation of the video diffusion priogondition head videos on given audio or motion, where head
integrating motion information from pretrained video diffusionmotions are achieved in different ways, such as motion i
models into a customized image diffusion model with minimaD landmarkd?2], [3], and self-supervised trainirjg], among
computational overhead. Building on this adapted video modethers. Although producing high-quality and highly realistic
we introduce batch-overlapped temporal denoising, a trainirfg<ial videos, talking face generation is limited by its area of
free inference strategy that computes frame-wise latent noisterest and cannot achieve full-body human video generation.
in sliding windows, enabling long-duration anchor videos of
arbitrary length. Finally, to improve facial fidelity, we apply . .
novel inpainting-based face enhancement operation that focﬁgeyoserded Human VMdeo Generation
on fine-grained facial details. Pose-guided methods are the most popular approaches for
With frame-wise training and batch-wise inference, thgenerating human videos with body and hand. Early work fo-
proposed system can generate high-quality videos withincases on the problem of motion transi@}, [9], [10], [11], [45],
practical runtime on a single 40 GB A100 GPU. Leveragingt6], [47], [48], [49] methods. Balakrishnan et 5] separate
existing methods to generate 3D human meshes with ligsscene and transform each part to synthesize. FQMJland
gestures, and body motions conditioned on m{i8&], [36], MRAA [9] propose unsupervised body representation and warp-
[37], [38], audio[34], [39], text [40], or motion capturd4l], ing to transfer, while LIA[49] employs latent space. THS]
our framework enables Al-powered digital anchors with vivithtroduces thin plate spline transformation into a motion transfer
expressions, torso movements, and gestures. Comparedatk, and UVA[48] presents a differential volumetric repre-
commercial face-generation software, our system producEmntation. Besides the coarse-grained motion transfer setting,
natural full-body videos with greater flexibility. researcherfl2], [13], [50], [51] apply these kinds of methods
The main contributions are summarized as follows: to human video generation with face, body, and hand. However,
e \WWeintroduce Make-Your-Anchor+, a 2D avatar customizasonstrained by the capabilities of generative models, these meth-
tion system capable of generating digital anchors withds may potentially generate human-like videos with apparent
expressive lips, facial expressions, gestures, and baalyifacts.
motions. With the advancement of diffusion modglsd], [15], some
e We propose a frame-wise motion-to-appearance diffusimgprks have introduced them into pose-guided human video gen-
strategy with a two-stage training paradigm, combineeration. Follow-your-posgs2] introduces a two-stage training
with batch-overlapped temporal denoising, to produde get a pose-guided video diffusion model. DreamPj@<é
temporally consistent human videos of arbitrary length. proposes a vision and pose-controlled diffusion on a fashion
¢ We introduce temporal denoising via video diffusion priorlataset to animate a body image. Dig€8] focuses on human
leveraging pretrained video priors to improve inter-framdance generation, utilizing multiple ControlNets for pose and
motion modeling and achieve temporally coherent outputsackground, and introduces a pretraining strategy to enhance
e Extensive qualitative and quantitative experiments on tgeneralizability. Besides, a temporal module is proposed to
anchors demonstrate the effectiveness of our approathengthen temporal consistency. MagicAnim2i®] and Ani-
compared with state-of-the-art GAN-based motion transferateAnyong27] leverage the feature maps from self-attention
and diffusion-based human video generation methods. layers to capture appearance. To improve temporal consis-
A preliminary version of this work was published at CVPRency, these approaches extend image diffusion models into
2024 [42]. The journal article improves over the conferenceideo diffusion models and train on privately collected datasets.
paper in multiple aspects. First, to produce temporally consistétttamp[29] further combined multiple pose conditions, includ-
human videos, we propose adapting the video diffusion priorg landmarks, depth, normal map, and DenseH63g The
strategy to effectively incorporate natural movement informaomplementary structure guidance improves the capture of pose
tion from the video diffusion model into our proposed systenand shape variations. Nonetheless, these methods concentrate
Second, we strengthen our evaluation by including two more @A coarse-grained body video generation, which is limited by
cent human video generation methods, i.e., MagicAniifZ2e the poor quality of the face and hands. MagicPi&e8 utilizes
and Champ29], which provide additional samples of the estabhuman pose and expression retargeting as a plug-in for the
lished type in the preliminary version. human video diffusion model to improve body and face fidelity.

Talking Face Generation
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Besides, these approaches learn human motions by fine-turiaaginput

temporal layers, which increases the risk of losing motion fi- Based on the above setting, our system requires an
delity if the dataset is incomplete. MagicAnimate performsjo”gnchor-style source vided of a single person for training.

ima_lge-vi_deo training with all weights updated simultaneogs_,laf,he source video should include natural lip, body, and gesture
while Animate Anyone and Champ adopt a _twq-stage tra_ml ovements, and typically needs to be longer than one minute.
scheme, where only the temporal attention is fine-tuned in t like DreamPose or ControlNet variants conditioned on

second video stage. In contrast, our approach maintains SenPose we employ human 3D mesh sequences rendered
original motion capabilities by incorporating a video diffusioqro X

: o . . > . m SMPL-X parameterd66] as motion conditions. The
prior, even with fine-tuning on just a one-minute video.

smoothness and accuracy of the input pose conditions are
crucial for achieving temporally consistent outputs. Leveraging
C. Video Diffusion Models 3D meshes provides richer structural information, enabling

Due to the powerful capabilities of diffusion models, reSmoother motion synthesis, particularly in fine-grained gestures

searchers in recent years have started to explore their poteritfin @s hand movements. During inference, a pose sequence
in video generation, and much progress has been made in vidleo P1:P2; - - -, pn is provided to guide the dlfoSIo_n-base_d 2D_
generation[22], [23], [55], [56], [57], [58], [59] and video _avatar. Our sy;tem can aI;o be_ segmlessly combmg:-d with e>_<|st-
editing[60], [61], [62]. GEN-1[63] and Make-Your-Vide$59] Ing humfin motion generat!on plpelu_ﬂes, such as audio-to-motion
extend the image diffusion model with a temporal module aryNthesisl34] or video-guided motion transfg#1]. In these
utilize depth to control the structure. Tune-A-Vidga#] fine- SEttings, the input can be an audio clip or a motion reference
tunes a 3D U-Net in an image diffusion model on a one-sh&'fjeo- The final output is a sequence of human video frames
video to learn the motion and then edits the video content with— %1+ 2 - - - - &» With temporally coherent appearance.

text prompts. AnimateDiff65] trains a temporal module with a

fixed image diffusion model and can be applied to personalized IV. ' METHODOLOGY

weights. DynamiCraftef58] animates open-domain images Fig. 1 presents the overall network structure and inference
by leveraging a video diffusion prior. While VDMs possesgipeline of our system. Sectidi-A introduces the diffusion-
strong video generation capabilities, the ability to control humayased architecture that enables image-level appearance control
motion and maintain appearance needs further improvemesfid body structure conditioning. SectitvB describes our

In contrast, we tune the foundation diffusion model to learyo-stage training strategy. Sectitw+C then details the tem-
mapping from motion to a specific anchor appearance in an “goral denoising module based on a video diffusion prior, which
pearance mapping” fashion, following a pretraining-finetuningliows the generation of arbitrarily long and temporally con-

paradigm. sistent videos with reduced training cost. Finally, Secti\sid
introduces an inpainting-based facial enhancement module that
IIl. SYSTEM OVERVIEW further improves visual fidelity in the facial regions.
A. Setting

A. Frame-Wise Motion-to-Appearance Diffusing
Despite recent advances in talking-fg8gand fashion video

generatlor{24]., current approqches that rely ona single Of &nditionc, the training objective of a vanilla frame-wise diffu-

few reference images remain limited for practical human Vld%(?on model is defined as:

generation. Talking-head methods operate only on the facial re-

gion, while models such as DreamPose generate fashion videos Lgit = Es, ¢ ¢t wt||X9(atsi + o, t,c) — e\@} , (D

with a restricted range of movements. We instead formulate

2D avatar generation as a personalized learning problem builtere X, denotes the diffusion modey; is thei-th frame of

from a single-identity video. This setting resembles talkinghe source vide®, and«;, o, andw, are predefined hyper-

head pipelines and commercial systems such as ZenVideo, patameters. After training, the target output frame= s? is

existing methods typically learn only facial appearance amdtained by denoising an initial noise sampfe through a

reuse the input video’s body motions as fixed “templates” of--step sampling process. Following latent diffusid’], we

ten resulting in looped or repetitive motion patterns. The coesploy a pretrained VAE encodé&(-) to map each frame, into

of our system is to learn a personalized diffusion model thatiatent code;, and perform diffusion and denoising directly in

could generate a human video in the same scenario as tive latent space. A pretrained VAE decod¥r) subsequently

input video. We finetune a diffusion model to directly map téeransforms the denoised latent representation back into pixel

the input video under both appearance and motion conditiospace.

enabling controllable, diverse body movements while maintain-2) Sructure-Guided Diffusion Model: We propose a

ing consistency with the identity and scenario. To the best structure-guided diffusion model (SGDM) to generate human

our knowledge, this is the first system that enables 2D humeideos under frame-wise 3D mesh control, as illustrated in

avatar generation with controllable full-body motions while pre~ig. 2. Unlike ControlNe{16], we embed the 3D mesh condition

serving high visual fidelity, identity consistency, and temporahto the generation process to learn a mapping from fbse

coherence. to target video frame¥X. To accomplish this, we introduce an

1) Preliminaries: Given an initial noisee ~ N'(0,1) and
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Fig. 1. The inference pipeline of our system. An appearance condition and a 3D mesh sequence are inputted into the structure-guided diffosaimgncorp
Batch-overlapped Temporal Denoising to accomplish video-level inference. Following the generation of arbitrary-length frame sequendasingssiyiea
module known as Identity-Specific Face Enhancement is utilized to enhance facial details.

diffusion U-Net and the motion-control branch. We specifically
employ the CLIP feature map before the global pooling layer,
as it retains fine-grained spatial details crucial for appearance
preservation. After training, the generation of each human frame
is given by

z? = X&(CO?’LtT’OlN(pi), CSp, Z?)v (3)
2, = D). )

B. Two-Stage Training Strategy

We adopt the pretrained text-to-image Stable Diffusion
V1.5 [15] as our base model and build the proposed SGDM
upon it. Our objective is to learn the movement and appearance
of the target identity through an appearance-mapping paradigm.
To this end, we introduce a two-stage training strategy: (1)
pre-training on multiple identities to strengthen the model’s
motion generation capability, and (2) fine-tuning on a single
identity to effectively bind the generated motion to the target
Fig. 2. The network architecture of our proposed Structure-Guided Diﬂusitﬁppearanc_e' . . .
Model (SGDM) and Face SGDM. Our network achieves motion-to-appearanceFor the first stage, we use a publicly available anchor video
generation by embedding pose and appearance conditions into the pretraiigéasef34] to train the new control branch and adapt the base
3:232:82 nngeell'tOTS?f;gevzﬁf’gt;e%evgige"ed from the pretrained Videfer, \sjon model across diverse identities. We segment human
foregrounds in this stage to remove background interference and

. L . encourage the model to focus on human motion and structure.
additional conditioning branch copied from the U-Net encod? the second stage, we fine-tune the entire network using the

and apply a zero-convolution layer to process the input MESHe-shot video of the target identity, jointly training on both

|ma?e. Lh.e Iayﬁr—vSsNe fegture dmaps frgr; Fh's cogdllthn pran? eground and background. This enables rapid adaptation to
are fused into the U-Net decoder via additive modulation: new identities while preserving the scene context, ultimately
Flp = Fup+ We x ControlN (p;), (2) producing coherent anchor-style videos.

where I, denotes the decoder feature méfmnirolN(-) is . e .

the cond?tioning moduley; is thei-th mesh inP, andWE i)s a C. Temporal Denoising Via Video Diffusion Prior

weighting coefficient for the condition signal. 1) Adaptation to Video Diffusion Prior: By adopting the
For the appearance input, we inject identity information bivo-stage training strategy, the proposed SGDM can gen-

randomly selecting another source frasp&omS and replacing erate anchor-style videos frame-by-frame conditioned on a

the text-based CLIH33] embeddings with an image CLIPgiven motion sequence. However, diffusion models inherently

featurec,, extracted froms,. This appearance embedding isntroduce stochasticity, leading to temporal discontinuities.

introduced into the cross-attention modules of both the latethile training-free extensions of image diffusion mod@lg],
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[68] improve temporal consistency by adding cross-frame atterg|gorithm 1: Overlapped Temporal Denoising.
tion, models trained solely on image distributions still struggle

to handle non-planar temporal variations such as clothing dy-
namics, hair motion, and large pose changes. As later discussed
in SectionV-C4, these approaches often produce unnatural cloth
folds and temporal artifacts.

Input: Video Diffusion Model X}, Timestep t,
Latent sequence Z! = {z}, 2}, ..., 24}, Pose
sequence P = {p1, p2, ..., pn }, Window size
ws, Overlap size os, Scheduler.

S . . ee Result: Denoised latent sequence
To address this limitation, we incorporate a video diffusion t—1 _ got—1 t—lq t—1
Z ={" s 2y )

prior into our image diffusion model. We employ AnimateD- 1 count + {0,0,...,0} ;

iff [65], which extends the 2D U-Netintoa3D U-Netbyinserting,, nr.:c. . {d 0. 0}';
temporal attention layetsttentionr after each spatial attention , g0, ; — m”]\f/(u’]s ~ 0s) do
block. These temporal layers are trained on large-scale videp | .5 . ; « (ws — 0s) ;
datasetd69] while keeping spatial weights frozen, allowing . | ,,c < i« (ws — 0s) + ws ;
the model to encode temporal priors that match real videg Zt 4 Ztwb : we] ;

distributions. 7 Pya < Plwb : we] ;
_E_xplomng the motion priors fro_m_the temporal weights is NL o XY (ZL . t, Pug) ;
critical to our framework. Unlike existing wor{g6], [27],[29], o Noise[wb : we] < Noise[wb : we] + N
[65], our setting requires fine-tuning on single-identity videos,, count[wb : we] < countwb : we] +1;
Directly updating the temporal layers in this stage degrades end
the learned temporal priors. Therefore, we design a training # Normalize overlapped noises
strategy that preserves these priors while adapting the spailNoise < Noise/count ;
representation. 1 Z'71 « Scheduler(Noise,t, Zt) ;
Specifically, we investigate three integration strategies: (T)
directly inserting temporal weights, (2) fine-tuning temporal
weights, and (3) fine-tuning spatial weights. Direct insertiothis, we guide the model to focus on key facial features using an
improves consistency but introduces color shifts and stickimgpainting-based approach.
artifacts. Fine-tuning temporal weights causes flickering dueAs illustrated in the right part of Fi@, we extend the original
to catastrophic forgetting of large-scale temporal knowledg8GDM into a dedicated Face SGDM. The process is as follows:
In contrast, tuning only the spatial weights maintains motiaihe face region is first cropped from the fully generated body
coherence while preserving appearance fidelity. Ablation resuitame, and the inpainting area is segmented using a facial mask
in Sectionv-C5 and supplementary videos verify these findings\Z. The input to the U-Net in SGDM is then replaced with a
Building on this insight, we adopt a temporal-preservingoncatenation of the facial mask/, the masked face latent
adaptation strategy: we first fine-tune spatial weights on thg;, and the original input Iatenzt]T. Appearance and motion
multi-identity pre-training set to learn diverse motion patterngpnditions are aligned with their respective reference image and
and subsequently fine-tune on single-identity data to map moti®D mesh. The face generation is formulated as:
dynamics to the target appearance.
2) Batch-Overlapped Temporal Denoising: We propose an

overlapped temporal denoising algorithm to generate ancfmerej(g denotes the Face SGDM? is the output latent, and

videos of arbitrary length, as detailed in AlgorithtnUnlike . is the input latent. Algorithn2 summarizes the procedure

prior methods that optimize objectives across multiple rlOigycThis inpainting-based refinement requires no paired training

batcheq70] or rely on windowed attentiofy1], our approach . . . .
is simple yet effective, operating directly on multi-batch nois lata and trains solel_y using the ground truth, enabling high-
o o . : idelity facial synthesis within full-body frames.
Specifically, we partition a long motion sequence into overlap-
ping windows. During each denoising step, these windows are
processed sequentially by the video diffusion model. After all
windows are handled, overlapping noise regions are normalizad Experimental Settings
to ensure temporal coherence, aqd the. entire video is denoise Dataset: For pretraining, we follovi34], [50] and use 27
using the smoothed noise. Repeating this process across all sﬁe&) : : . , . .
. : ! . ~hours of video with SMPL-X annotations covering four identi-
produces a final long video with consistent temporal dynaml%s.

We find that this simple algorithm effectively extends the vide\pes' Robustvideo mattir{g2]is applied to remove backgrounds

diffusion model to generate arbitrarily long sequences whi em the pretraining videos. For one-shot video fine-tuning, we
maintaining temporal consistency.

z? = )A(g(C’omﬁrol]\f(pf)7 sy, zj?, M, zy), (5)

V. EXPERIMENTS

collected a dataset of ten identities from diverse sources, each
providing a one to five-minute video. To evaluate our method
across various scenarios, the dataset includes: (1) four videos of
D. Identity-Specific Face Enhancement identities used in pretraining, (2) three web videos of celebrities
%_uo Xiang, Guo Degang, and avideo from the YouTube channel

Generating a high-quality face within a holistic human fram cienceOfPeopld, and (3) three green-screen recordings of

remains challenging due to the relatively small proportion o
the facial region. When trained with a global human-level loss,
the model often fails to capture fine facial details. To address https://www.youtube.com/@ScienceOf People
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; . ; A TABLE |
Algorithm 2: Identity-Specific Face _Enhancemen_t' _ QUANTITATIVE RESULTS OFOUR METHOD COMPARED WITH SOTAS AND
Input: Generated body fram&, facial mask\/, original ABLATION STUDIES. OUR METHOD ACHIEVES BETTER PERFORMANCE ON
input IatentzT, appearance conditimgr, 3D mesh pos® IMAGE QUALITY, TEMPORAL CONSISTENCY AND STRUCTURE PRESERVATION
Output: Enhanced face Iatetzgl
1 # Crop face region fromthe Method FID,  FVD/ LMD (Face)l LMD (Body)l LMD (Hand)|
P 4 bod gl Pose2Img 5192 32818 3.73 478 6.96
generated body DreamP B a0 420 59 1355
2 Xf = CropFacéX); DisCo 60.95 39077 415 511 1121
. . . . MagicAnimate 97.97 310.95 3.43 4.12 11.39
3 # Segnment inpainting region w/ fine-tuned 46495 104341 3.76 5.72 8.72
Ch : § . : :
4 R=X;0M; Wdmgel fnetuned 5657 40914 573 55 914
/ stage? fine-tuned 57.02 42011 6.17 5.91 9.41
5 # Encode nmsked face to | atent g 52 nene 3591 5338 145 514 5.12
6 zpy = Encodé R); w/o Video Diffusion Prior ~ 40.33  139.82 1.44 4.88 5.41
. w/oTD 4884 34485 145 474 5.61
7 # Align face pose w/o FE 4084 12410 156 - -
f w/o Two-Stage Setting T 55.87 278.73 4.38 6.92 7.25
8 p/ = CropFace(P) w/0 Two-Stage Setting Il 5399 17879 156 496 6.01
9 # Get face | n_age enbeddl ng SMPL perturbation 39.56 136.21 1.40 433 525
10; ¢/ =CLIP(XY);
11 # Cenerate enhanced face | atent i 4 80.000 st for f h Al .
12 z? = X@)f(C’ontrol]\f(pf)7 o, z}p, M, zur); genetra lon an q t’ d Steps OIr il(i;allg:?ﬁ\ iq%%mGegU 40eGXgen_
13 # Cenerate enhanced face | atent ments are conducted on a sing'e : ( )
14 X&h = D(z9); During inference, the classifier-free guidance scale (JFG])
15 # fB| end en,hanced face back to body: is set to 3.5. We set the ControlNet condition scélg to 2,
16 Xfna = M © XM+ (1 — M) © X; ' which improves preservation of the 3D mesh structure and hand
Inal — f - 1

gestures. SMPL-X annotations are generated using the tools
from [34]. For face enhancement, FFH)| preprocessing is
applied for alignment and cropping, and facial segmentation is
used to extract the inpainting mask. For overlapped temporal
invited individuals. All videos are split into clips of 300 frameslenoising, the window sizes is set to 16, with an overlap
(10 seconds at 30 FPS). For each identity, one-minute-long cligsof 4, and the number of denoising steps is 20. Using batch-
are used for training, and additional clips are reserved as tesérlapped temporal denoising, inference takes approximately
motion samples. ten minutes for a 300-frame video, compared to 30 minutes with
2) Comparison Methods: We compare our method with six frame-by-frame inference.
state-of-the-art approaches: Pose2lfjhg], TPS[8], Dream- 4) Metrics: We evaluate image quality using FI[@4] and
Pose[24], DisCo [25], MagicAnimate[26], and Chamd29]. temporal consistency using FVI75]. To quantify body-
Pose2Iimg, derived from the co-speech work SpeechDrivesTestructure preservation, we compute Landmark Mean Distances
plates[12] and modified from[45], performs person-specific (LMD) between video frames and the input 3D mesh. LMD
video generation conditioned on human landmarks and rdg-calculated separately for the face, body, and hands using
resents the most relevant GAN-based baseline. [@3 a OpenPosd41]. To mitigate inaccuracies in hand landmark
generic motion-transfer method based on thin plate spline trapgedictions, outliers are excluded from the computation.
formations. DreamPose, DisCo, MagicAnimate, and Champ are
diffusion-based human video generation systems. For fair com-
parison, we train Pose2Img from scratch, fine-tune DreamPose
and DisCo on our dataset, and use the pretrained weights of TPS)Me utilize the data mentioned above as our experiment
MagicAnimate, and Champ without modification. Additionallydataset. Three video clips are collected for each identity to be
we evaluate MagicAnimate and Champ under fine-tuning aised as test data.
our dataset with their original training protocols: MagicAnimate 1) QuantitativeResults: Quantitative results are summarized
fine-tunes all parameters, whereas Champ employs a two-stag&ablel. Our method achieves the best performance on FID
process, first fine-tuning spatial weights with the motion moduéd FVD, indicating superior image quality and temporal con-
frozen, then fixing spatial weights and fine-tuning only thsistency. For structure preservation, we obtain the highest scores
motion module. on face and hands, while LMD(body) is comparable to other ap-
3) Implementation Details: We crop the body region to proaches. Although MagicAnimate attains the best LMD(body),
512 x 512 pixels and the face 256 x 256 pixels for enhance- its strict adherence to input conditions often leads to appear-
ment. A reference appearance image is randomly selected frante distortions. Fine-tuning MagicAnimate and Champ on
another frame of the same video during training. The bodyngle-identity data according to their original protocols causes
generation pre-training lasts 300,000 steps with a video lengtisubstantial drop in FVD, as their training disrupts the learned
of 4, batch size 1, and learning rate-5, taking approximately temporal distribution, resulting in flickering or jitter in generated
seven days. The face enhancement model is trained for 50,8@k0s. In contrast, our fine-tuning strategy preserves the tem-
steps and completes in under one day. Fine-tuning on a singteal distribution, producing more consistent and higher-quality
identity requires around one day, with 50,000 steps for bodytputs. We note that the landmarks used for LMD computation

Main Results
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are also employed for Pose2lmg and DisCo inference, which TABLE Il
may bias their results in structure evaluation. ANALYSIS OF VARYING THE HYPERPARAMETERS OFBATCH-OVERLAPPED

TEMPORAL DENOISING, WINDOW SIZE ws AND OVERLAPPED SIZE 0s. THE

2) Qualitative Results: Qualitative results are shown in DEFAULT SETTING OF OUR METHOD ISws = 16, 0s = 4.
Fig. 3, where blue boxes highlight distorted hand structures
and arrows indicate appearance artifacts. Our method achiemesod FID| FVD] LMD (Face)l LMD (Body)l LMD (Hand)l
the best image quality, appearance preservation, and facial @e=8,0s=2 3488 5463 1.47 486 5.46

. . . wg=16,0s =4 3591 53.38 1.45 5.14 5.12
tail, while accurately capturing mouth movements and hafid— s oo —s 35 5117 143 489 533

gestures. CHAMP, using the same SMPL parameters as pose
conditions, maintains structural consistency reasonably well,
but issues such as finger fusion remain. MagicAnimate striclye also testvs = 8,0s = 2 andws = 32, 0s = 8. Results in
follows input poses, achieving the best LMD(body) in Table Tablell show that larger settings improve temporal metrics and
but failing to preserve identity, and its fine-tuning leads tBVD, but inference cost grows &¥(ws?), leading us to select
significant mode collapse. Champ’s two-stage, partial finexs = 16, 0s = 4 for a balance between quality and efficiency.
tuning preserves appearance better, yet suffers from flicker-Qualitative results are shown in Fig.Without TD, generated
ing as reflected in quantitative results. DisCo produces highideos exhibit temporal artifacts such as flickering and ghosting,
quality diffusion-based outputs but lacks fine detail in handi&ely because the image-level model fails to fully capture the
and faces, resulting in noticeable imperfections. DreamPdseman body distribution. Incorporating contextual information
is limited to simple scenes, such as fashion videos, makinghrough Batch-overlapped TD effectively reduces these unin-
unsuitable for complex backgrounds or actions in our settingnded artifacts, yielding smoother and more temporally consis-
TPS, a general warping-based method, struggles to genetaht videos.
ize beyond reference poses in unfamiliar domains. Pose2img?2) Validation of Identity-Specific Face Enhancement: We
a person-specific warping-based approach, outperforms othealyze the Identity-Specific Face Enhancement (FE) mod-
baselines but still exhibits artifacts in hands and lips. In contraste. Quantitative ablation results are presented in Tdble
our approach learns a motion-to-appearance mapping vid.MD(Face) is improved by FE, demonstrating its effectiveness
diffusion model combined with a temporal scheme, enabling generating fine facial details. FVD shows a slight decrease,
the generation of high-quality, temporally consistent humaas FE is applied without temporal denoising. Qualitative results
videos. are shown in Fig8. As observed in Fig3, our baseline method,
Cross-person Motion Results We further evaluate cross-like other diffusion-based approaches, sometimes struggles to
person motion transfer, with results shown in FigWhen the generate high-quality facial features directly. The FE module
source motion closely matches the target person’s pose (esignificantly enhances facial detail, improving the visual fidelity
standing man to standing man), the generated videos maintaimgenerated faces.
high visual quality and realistic motion. 3) Validation of Two-Stage Training: We investigate alterna-
Full-body Results Since most previous results focus on halftives to our two-stage training strategy. Setting | directly trains
body videos, we further evaluate our method on the collectéte model on videos of the target subject, while Setting Il trains
full-body videos, as shown in Figh. Despite the full-body on data from all other subjects. As shown in F{a) and
talking style differing from the training set, the generated resul&blel, Setting | suffers from insufficient data for robust pose
maintain high visual quality and coherent motion. control. Setting Il, illustrated in FigQ(b), leads to appearance
Audio-driven Results We demonstrate audio-driven digitaland identity entanglement with other subjects and is difficult to
avatar generation using TalkSHOJB4] to drive the 3D human extend to new identities. In contrast, our two-stage training en-
mesh. Examples are provided in both the supplementary videaes accurate pose control while preserving the target subject’s
and Fig 6. By integrating our method with existing audio-driverappearance.
motion generation techniques, we establish a system capable &f) Comparison Wth Make-Your-Anchor: Compared to
automatically producing 2D avatar videos from audio input. Make-Your-Anchor, Make-Your-Anchor+ significantly im-
: proves temporal consistency by incorporating a video diffusion
C. Ablation Study prior. As shown in Tablel, adding the prior substantially
1) Validation of Batch-Overlapped Temporal Denoising: To enhances FVD, indicating better video continuity. Qualitative
evaluate the effectiveness of Batch-overlapped Temporal Desults are presented in Fid.0, with video comparisons
noising (TD), we perform both quantitative and qualitativincluded in the supplementary material. We observe that
analyses. Ablation results are summarized in TabRemov- the video diffusion prior helps the model generate realistic
ing TD leads to a significant drop in temporal performancelothing fold dynamics and reduces color flickering artifacts,
Although our method without TD still outperforms DisCo dualemonstrating that Make-Your-Anchor+ produces videos with
to detailed pose conditioning, it performs slightly worse thamotably improved temporal consistency and visual fidelity.
warping-based methods that leverage inter-frame information5) Validation of Adaptation Strategies: We compare the
LMDs remain largely unaffected, as SGDM primarily governstrategies described in SectidiC1 by analyzing temporal dif-
structure generation. ferences between generated frames. Fiyvisualizes the gen-
We further study the TD hyperparameters: window size erated frames alongside their temporal differences. The first row
and overlap sizes, with the default settingus = 16,0s = 4. shows ground-truth results, while frames with small and large
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Fig. 3. Qualitative results compared with other methods. Our methods achieve accurate gestures and high-quality generation with faciatelstailtsMoe
provided in supplementary materials.
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Fig. 4. Cross-person motion results. For each pair, the left is the pose, and the right is the output.

Fig. 6. Examples of audio-driven results.
Fig. 5. Full-body results with self-collected videos as training data.

Specifically, we add noise to the position coordinates of each
motions are displayed together for comparison. For large-motitsame, causing visible jitter in the rendered 3D human mesh.
frames, directly applying temporal weights produces minimahis serves as a form of spatial data augmentation, improving
temporal differences relative to ground truth, indicating stickinigpe model’s generalization to SMPLX positional variations and
artifacts, along with noticeable color aberrations. For smalnhancing overall accuracy. As shown in Tablend Fig.11,
motion frames, tuning temporal weights induces flickering, aar method still faithfully follows the input poses. Quantitative
highlighted by red boxes. Fixing the temporal weights whilanprovements indicate that SMPL perturbation as data augmen-
tuning spatial weights provides a favorable trade-off, maimation further boosts performance.
taining image quality while preserving temporal consistency. 7) Influences of Input Mesh Distributions: In Figs. 12 and
Supplementary videos provide further visual comparisons. 13, we present samples of fine-tuning poses and cross-person

6) Discussion of SMPL-X Parameters. Estimating SMPL motion. Specifically, in Figl3, we demonstrate the effect of
inevitably introduces errors. We preprocess SMPL parametersving different identities with the same motion. The motion
following TalkSHOW/[34], optimizing them via multiple esti- sequences of each individual are extracted using the preprocess-
mations to reduce inaccuracies. To further study the effectiofy pipeline of SHOW34]. During fine-tuning, human meshes
imperfect SMPL, we perturb SMPL parameters during trainingf different individuals exhibit noticeable variations in shape,
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range of angles, enabling more accurate generation outcomes,
and showing better results. In qualitative results, one minute of
fine-tuning data already yields satisfactory outcomes.

9) Discussion of Time Cost: The time cost of different
methods is shown in Table/. Our process is comparable to
other diffusion methods. Most time is spent on diffusion. In
Algorithm 1, count is an array storing the computing counts for
each frame, where only overlapped frames are calculated twice.
Whenws = 16 andos = 4 for 300 frames of 10s each to gen-
erate, the total computing time éount is 400, which means an
additional one-third of the cost. The additional time cost ensures
consistency between batches, allowing for a longer duration. A
comparison of time cost and ablation without batch-overlapped

Fig.7. Ablation analysis of temporal denoising. Thst row shows the result tempora] denmsmg (TD) is listed in Tabl.

without batch-overlapped temporal denoising, whereas¢ioend rowshows 10) High-Resolution FE Model: We observed that our

it with batch-overlapped temporal denoising. Without temporal denoising, tlaethod sometimes generates inaccurate lip and expression

generated videos may exhibit discontinuities such as flickering and ghostingagyements. which could be traced back to the mouth’s small

the artifacts around the neck region on the first row. . . . , o .
size, which constrains the face enhancement’s ability. We im-
prove by training a higher-pixel model from 256 px to 512 px.
As in Fig. 15 and TableV, the lip and expression movements
become accurate, and the quality of the face region is enhanced.

VI. VIDEO RESULTS

We show video results in the attached materials. In the
videos, we compare with SOTA methods as well as present
the results of ablation studies. Video results demonstrate the
effectiveness of the proposed method. For example, we could
observe slight flickering frames in the video results without
overlapped batches. This is due to the absence of information
transfer between different batches and the inherent randomness
of the diffusion model, resulting in subtle variations in human

Fig. 8. Ablations of identity-specific face enhancement. Directly traininﬁtruCture ac_ro_ss batches. The proposed oyerlapped-batch design
models to generate entire human body images often leads to the creation of fdflaihe denoising process allows for certain context exchanges

features with poor realism. Our identity-specific face enhancement significanfigtween different batches, thereby reducing the occurrence of
improves the quality of generated content in the face region. this phenomenon

TABLE Il
ABLATION ANALYSIS OF VIDEO LENGTH USED FORFINE-TUNING VII. USERSTUDY
Fine-tuning with ~ FID| FVD, LMD (Face), LMD (Body)} LMD (Hand)l We conduct user studies within our experimental setting.
One-minute videos 3591  53.38 1.45 5.14 5.12 1 | 1
Oneminute videos 3591 5338 o e 12 The videos generated in SectidkB were collected, and we

invited 30 participants to participate in this user study. For each
participant, 15 video instances are randomly sampled from all
and each identity has distinct motion distributidB8d]. At the results, and the corresponding reference appearance and input
inference stage, both shape and motion distribution differengesse sequence are shown simultaneously. For each instance, we
need to be considered. As illustrated in Fi@, under simi- asked participants to rate four aspects: appearance preservation,
lar motion distributions, cross-person motion transfer achieviesnporal consistency, structure preservation, and overall quality.
promising results, and incorporating SMPL-X shape parametéippearance preservation measures the appearance between the
further improves the fidelity of the generated body shape to theference image and the generated video. Structure preservation
target identity. is asked to evaluate the structure similarity between the input
8) Ablation on Video Length: We analyzed the required du-pose and the output video, especially for the hand structure. The
ration for video data needed for fine-tuning. Compared to thating score of each question is on a scale from one to five, with
one-minute videos used in the main text, we utilize five-minufeve being the highest score and one being the lowest.
videos in the fine-tuning stage. The quantitative results areThe statistics are listed in TabMl. As the results show,
demonstrated in Tabldl and the qualitative results are dis-our method achieves scores of over four points in the user
played in Fig.14. The numerical results demonstrate a slighgtudy, which is the best among all methods. Pose2Ilmg scored
improvement in all measurements. For instance, with LMBbove three points in appearance preservation, and the results
(hand), additional data allows the model to encompass a broafitem Dreampose and DisCo are slightly inferior to Pose2Ilmg.
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Fig.9. Validation of two-stage training. The result of Setting | lack enough training data for pose-control ability. The appearance and idemityvittagther
subjects for Setting Il. Meanwhile, it is hard to extend to a new subject for such a strategy.

Fig. 10. Temporal differences between different adaptation strategies for video diffusion prior and Make-Your-Anchor. The first two colunmsesavétfra
small motion and the fourth and fifth columns are with large motion. The third column is the temporal differences between the first two columns,teanilar t
last column. Red boxes indicate the flicking artifacts in the results of Make-Your-Anchor and tuning temporal weights with small motions. Blueloxes s
the stitching artifacts caused by directly applying temporal weights with large motion. Additionally, directly applying temporal weightsrapphsent color
aberration artifacts compared to ground-truth. The video results can be found in the attached files.
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TABLE IV
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COMPARISON OFTIME COST TO GENERATE 300 FRAMES

Method Pose2Img TPS DreamPose DisCo Ours Ours w/o TD 300 frames w/o TD
Time cost 77s 42s 310s 154s 405s 303s OOM
Method type  non-diffusion  non-diffusion diffusion  diffusion  diffusion diffusion diffusion
Resolution 640px 384px 512px 256px 512px 512px 512px
Fig. 11. Trained with SMPL perturbation.
Fig. 12. Sample human meshes of different identities during training.
TABLE V
NUMERICAL RESULTS OFFE WITH 512PX
Method FID| FVD] LMD (Face)]
Ours 3591 53.38 1.45 Fig.13. Generated results with/without shape transfer under the same motion.
FEw 512px 3513  54.02 1.33
TABLE VI

USERSTUDY SCORES THE RATING SCORE IS ON ASCALE FROM ONE TO FIVE,
WHERE FIVE IS THE HIGHEST SCORE, AND ONE IS THE LOWEST.

Method Appearance Temporal Structure Overall
Preservation  Consistency  Preservation  Quality
Pose2Img [12] 3.36 2.38 1.59 2.01
TPS [8] 2.03 2.10 1.18 1.37
DreamPose [24] 2.78 1.94 2.27 1.94
DisCo [25] 2.29 2.32 1.45 1.72
MagicAnimate [26] 2.52 2.75 2.07 243
Champ [29] 297 3.06 3.45 3.28
Ours 4.25 4.02 3.93 4.10

Our approach has achieved a significant advantage in structural
preservation compared to others, which is not apparentin Table
of the main text due to inaccurately estimated landmarks.

VIIl. CONCLUSION

In this paper, we present Make-Your-Anchor+, a diffusiorfFig. 14.
based framework for generating realistic, high-quality 2D

Qualitative results with different video lengths for fine-tuning.
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an identity-specific face enhancement module to improve fa-
cial detail reconstruction, using an inpainting-style strategy to
refine holistic human images. By integrating these components,
our framework generates high-quality, structure-preserving, and
temporally coherent anchor-style human videos, providing a
valuable reference for the development of widely applicable 2D
digital avatars.
Limitation and further work. Despite the capability of our
method to produce high-quality videos, as shown in Eig.
if the human body orientation during inference differs sig-
nificantly from that observed in the fine-tuning videos, there
may be issues with preserving the appearance. This occurs due
to the appearance-mapping style of training. From the other
perspective, an increase in the quantity of pre-training and
fine-tuning data may help generate more complex movements
and orientations. Another limitation is that inaccurate input
poses constraints on our generation results. Future work may
address this issue by exploring more robust control strategies
or adopting more accurate pose extraction methods. Finally, the
current model requires one day for fine-tuning. Reducing the
fine-tuning time remains an important direction for future work.
In future work, we also plan to integrate our framework into

stronger video generation backbones, such as \W&Nor next-

Fig. 15. Samples for the improved FE model with 512x512 pixels genergg€neration models, further to enhance identity-specific video

more accurate expressions. The Left is the FE model with 256x256 pixels, %Vhthesis as more advanced training resources and pipelines
the right is with 512x512 pixels. become available
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