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Figure 1. a) Vivid Animator synthesizes high-fidelity, identity-preserving videos with rich and expressive motion. Given a reference image,
a sequence of poses, and audio, our method showcases its capability to produce: b) precise hand reconstruction and c¢) dynamic, natural

head motion synchronized with speech.

Abstract

Existing for audio- and pose-driven human animation meth-
ods often struggle with stiff head movements and blurry
hands, primarily due to the weak correlation between au-
dio and head movements and the structural complexity of
hands. To address these issues, we propose VividAnimator,
an end-to-end framework for generating high-quality, half-
body human animations driven by audio and sparse hand
pose conditions. Our framework introduces three key in-
novations. First, to overcome the instability and high cost
of online codebook training, we pre-train a Hand Clar-
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ity Codebook (HCC) that encodes rich, high-fidelity hand
texture priors, significantly mitigating hand degradation.
Second, we design a Dual-Stream Audio-Aware Module
(DSAA) to model lip synchronization and natural head pose
dynamics separately while enabling interaction. Third,
we introduce a Pose Calibration Trick (PCT) that refines
and aligns pose conditions by relaxing rigid constraints,
ensuring smooth and natural gesture transitions. Exten-
sive experiments demonstrate that Vivid Animator achieves
state-of-the-art performance, producing videos with supe-
rior hand detail, gesture realism, and identity consistency,
validated by both quantitative metrics and qualitative eval-
uations.
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1. Introduction

The task of human animation specifically focuses on gen-
erating a realistic video of a person from a single reference
image, leveraging driving signals like audio, text, or a target
video. Unlike talking head generation [5, 16, 21, 47, 52],
which primarily focuses on animating the facial region, hu-
man animation need synthesize complex full-body move-
ments, including the articulation of limbs and hands. This
capability unlocks applications in entertainment, film pro-
duction, and virtual character creation. However, espite re-
cent progress enabled by diffusion-based generative mod-
els, current methods still struggle with challenges. For ex-
ample, the generated videos often lack fine-grained texture
details and motion rhythm, thereby limiting the widespread
application of these approaches.

In recent years, human animation has been extensively
studied, with pose-transfer methods [4, 15, 35, 38, 43, 57]
emerging as a dominant approach due to their controllabil-
ity and structural consistency. By conditioning on a pre-
defined sequence of poses, these methods can effectively
guide human video generation. However, pose-transfer
methods still face two critical limitations. First, generated
hand regions often appear blurry and lack fine-grained de-
tails. Second, their rigid reliance on a full pose skeleton
restricts their ability to produce spontaneous, natural ges-
tures that could be better inferred from other signals, such
as audio, which ultimately limits the expressiveness of the
animation. Beyond pose-driven methods, researchers have
also explored multi-modal conditions such as audio and
text [0, 8, 18, 28]. While these conditions have been ex-
plored for their potential to drive human motion synthesis,
their application is often hindered by the weak correlation
between the input signal and body movements. As a result,
current models tend to learn an averaged data distribution,
leading to a significant lack of diversity and unpredictability
of motion in the generated videos.

In this paper, we introduce Vivid Animator, an end-to-
end framework for high-fidelity half-body human anima-
tion. Our method aims to simultaneously improve render-
ing quality and generate expressive, natural movements. To
achieve this, Vivid Animator integrates three key compo-
nents: 1) a pre-trained VAE model, dubbed the Hand Clar-
ity Codebook (HCC), to enhance hand texture details by in-
jecting features that incorporate rich hand priors; 2) a Dual-
Stream Audio-Aware Module (DSAA) that leverages cross-
attention to fuse audio and motion features, thereby enhanc-
ing the expressiveness of rhythmic head movements; 3) a
Pose Calibration Trick (PCT), which achieves precise pixel-
space alignment by applying geometric fitting and scale cal-
ibration. Each of these components is detailed below.

First, we employ a pre-trained VAE model, referred to
as the Hand Clarity Codebook (HCC) that has been trained
on a large dataset of high-quality hand images. Unlike Cy-

berHost [23], a key limitation of online codebook training
is the mutual influence on model convergence, which can
lead to training instability. Furthermore, the need to syn-
chronously optimize both networks significantly increases
computational complexity. The Hand Clarity Codebook
significantly enhances hand texture details by encoding rich
hand prior knowledge. Specifically, given cropped hands
from the reference image, we perform a nearest-neighbor
search within the codebook to retrieve a discrete vector.

This vector is then injected into denoising UNet to enhance

the fine-grained texture details of the hands, as shown in

Fig. 1 b).

Secondly, to address the issue of stiff head poses and
generic gestures caused by weak audio-motion correlation,
we propose a Dual-Stream Audio-Aware module. The mod-
ule processes audio through two specialized branches, one
focusing on lip synchronization and another for modeling
head motion. This allows our model to produce more ex-
pressive and lifelike animations, with head movements that
naturally synchronize with the rhythmic patterns of speech,
as shown in Fig. Ic).

Additionally, we propose a Pose Calibration Trick (PCT)
to effectively resolve pose misalignment in pose-driven
methods that may result in artifacts. The PCT improves
motion coherence by applying geometric fitting and scale
calibration to align the driving pose with the reference im-
age.

Our main contributions are summarized as follows:

* We introduce a end-to-end diffusion framework, Vivid
Animator, for high-fidelity half-body human animation
that simultaneously ensures superior rendering quality
and expressive motion generation.

* We propose a Hand Clarity Codebook (HCC), a VAE-
based model pre-trained on a large, high-quality dataset,
which significantly enhances fine-grained hand texture
details by injecting rich hand priors into the denoising
UNet.

* We design a Dual-Stream Audio-Aware Module (DSAA)
that decouples audio processing into two specialized
branches, enabling the generation of more natural and
expressive head movements that are aligned with speech
prosody.

» Extensive experiments and analyses demonstrate the ef-
fectiveness of our method, surpassing the current state-
of-the-art approaches.

2. Related Work

2.1. Pose-Driven Human Animation

Recent studies [4, 15, 48] have adopted a dual-network de-
sign, where a pose network encodes skeletal motions [11,
51] to guide animation, while a reference network pre-
serves identity information. Beyond skeletal poses, other



approaches [35, 46, 54, 59] leverage additional driving sig-
nals such as depth maps and 3D parametric models [2,
3, 30], which provide explicit geometric priors that en-
hance alignment and improve motion guidance. For in-
stance, RealisDance [58] introduces a pose-gating module
conditioned on multiple pose types, including HaMeR [31]
and SMPL-X [3], thereby enriching geometric informa-
tion. TALK-Act [9] integrates Hand-Attention layers into
the U-Net to improve the preservation of hand structure.
To further enhance stability and identity fidelity, Mimic-
Motion [57] employs confidence-aware pose guidance to-
gether with a regional loss amplification strategy to miti-
gate image distortion. StableAnimator [38] adopts a cross-
attention mechanism to inject ArcFace features [7] with
a face mask, thereby preserving facial structure and iden-
tity. HandRefiner [27] exploits 3D hand mesh reconstruc-
tion [25] as a control signal, integrated into the U-Net
through ControlNet [56], to achieve more precise hand gen-
eration. ShowMaker [49] further improves fidelity by intro-
ducing a keypoint-based hand modeling module that cap-
tures fine-grained hand motion and a face recapture module
that maintains identity consistency.

2.2. Audio Driven Human Animation

Audio driven human animation [8, 16, 18, 22, 33, 37, 41,
45] aims to synthesize facial expressions, lip movements,
and body gestures that match the semantics, emotion, and
rhythm of an input audio signal. Research in this do-
main mainly falls into two categories: talking head ani-
mation and co-speech full-body animation. In the field of
talking head animation, diffusion models have become the
dominant method. Vlogger [60] explores generating ani-
mated portraits from a single static image. EMO [55] en-
hances temporal coherence using a frame encoding mod-
ule. MegActor-¥ [50] integrates audio and visual features
into a conditional diffusion Transformer for more realistic
lip and expression synthesis. Hallo3 [6] builds upon a pre-
trained Transformer, incorporating a causal 3D VAE and an
identity reference network to improve expression dynamics
and identity preservation. These methods have significantly
improved lip-sync accuracy and the realism of facial expres-
sions. While facial animation focuses on a limited region,
co-speech full-body animation presents a greater challenge,
as it requires the synthesis of dynamic, full-body motion.
TANGO [26] focuses on learning an audio-to-gesture map-
ping while minimizing visual artifacts. By utilizing a sam-
ple hand pose as guidance, EchoMimicV2 [29] achieves
half-body animation. CyberHost [23] supports a broader
range of control signals, including audio, full-body key-
points, and hand poses. OmniHuman [24] employs a multi-
condition control framework to ensure high consistency and
controllability outputs.

3. Methods

3.1. Preliminaries

Latent Diffusion Model. We build our framework upon
the LDM [34], which operates in the latent space of a pre-
trained Variational Autoencoder (VAE) [17]. Given an input
image I, the VAE encoder £ maps it into a compact latent
representation zo = £(I), which significantly reduces the
computational cost compared to diffusion in pixel space.

During training, Gaussian noise is gradually added to the
latent variable across timesteps ¢t € {1,...,T}. The for-
ward process is defined as:

q(z¢ | 2e—1) = N(\/ 1— Bz, ﬁt1> (D

where 3; denotes the variance schedule. The reverse pro-
cess is parameterized by a conditional denoising network
Py, which predicts the clean latent from the noisy one:

Zi—1 = ¢9(Zt7 t7 C) (2)

with c representing external conditions such as audio,
reference images, or pose keypoints. The training objective
is to minimize the discrepancy between the injected noise €
and the network’s prediction at every timestep:

L= ]Ezt,t,c, e~N(0,1) I:”E - 69(Zt7 t? C)”%] (3)

where €y denotes the denoising U-Net with trainable pa-
rameters . At inference time, the model progressively re-
moves noise from a Gaussian sample z7, and the VAE de-
coder D reconstructs the final image or video frames from
the denoised latent zg.

3.2. Network Architecture

Method Overview. Fig.2 provides an overview of our
method. Following recent works on pose-driven genera-
tion [4, 15, 48, 58], VividAnimator adopts a unified dif-
fusion framework based on ReferenceNet, conditioned on
audio, hand poses, and a reference image. We extract au-
dio features using a pretrained Wav2Vec2 [1] model and
process them with a Dual-Stream Audio-Aware (DSAA)
module to enhance motion representation. In parallel, hand
pose sequences are obtained via DWPose [51] and encoded
through a dedicated Hand Encoder, whose output is con-
catenated with the noise latent and injected into the de-
noising U-Net. The reference image serves two purposes.
First, it is encoded into a latent vector via VAE and passed
through a U-Net-style ReferenceNet to extract identity fea-
tures, which are injected via cross attention to ensure iden-
tity consistency. Second, the cropped hands are processed
by the Hand Clarity Codebook (HCC), which produces
quantized discrete embeddings that are integrated into the
denoising process through an additional attention stream.
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Figure 2. Overview of Vivid Animator, a pipeline for realistic half-body human animation. Given a reference image, an audio clip, and
a hand pose sequence as input, our method synthesizes high-fidelity videos with natural motion. A Hand Clarity Codebook (HCC) is
introduced to preserve fine-grained hand textures, while a Dual-Stream Audio-Aware Module (DSAA) enables rhythmic and coherent head

motion.

To model temporal consistency, we incorporate a pretrained
motion module [10] that operates on the latent sequence to
capture frame-to-frame dynamics.

3.2.1. Dual-Stream Audio-Aware Module

In this section, we design a Dual-Stream Audio-
Aware(DSAA) module. As illustrated in Fig. 2, DSAA
decouples the modeling of audio-driven motion into two
complementary pathways, enabling more effective and spe-
cialized processing of motion dynamics. The Head Aware
Stream captures global rhythm and prosodic patterns that
drive natural head dynamics, while the Local Lip-Sync
Stream ensures fine-grained alignment between phonemes
and lip movements. This dual-path design enables the
model to simultaneously achieve macro-level rhythmic mo-
tion and micro-level temporal synchronization.

Head Aware Stream. We begin by extracting audio fea-
tures W, € REXEXTXD from a pretrained speech en-
coder, where B denotes the batch size, ' = 24 is the
temporal window size, T = 50 is the number of audio to-
kens, and D = 384 is the feature dimension. Although

these features contain rich temporal cues, they also include
frame-wise fluctuations that are not essential for modeling
global motion rhythm. To mitigate this, we apply average
pooling along the window dimension, yielding a temporally
smoothed representation F, € RE*T*DP_ The window size
is set to 24 so that each audio window corresponds to ap-
proximately one second of input, which provides an effec-
tive granularity for capturing syllable-level prosody while
suppressing noise. A lightweight projection network Gy (-)
is then applied to compress F,. into a compact represen-
tation, which is injected into the denoising U-Net through
cross-attention layers localized to the head region. To con-
strain the spatial influence of audio, we introduce a binary
attention mask My,.,q that selects latent tokens correspond-
ing to the head area. The head-aware module reduces di-
mensionality and simultaneously learns a task-specific em-
bedding space that enables effective cross-attention with vi-
sual features.

Local Lip-Sync Stream. In contrast to the Head-Aware
Stream, which injects temporally smoothed global rhythm
features, the Local Lip-Sync Stream incorporates fine-



grained audio information at the frame level. Specifically,
we condition each U-Net block on audio tokens Fy, €
RBXTXD where T denotes the number of audio tokens
and D the feature dimension. At each block, audio tokens
Fi, are injected into the hidden states via a Cross-Attention
mechanism. This process uses phoneme-level cues to con-
dition the visual features, thereby ensuring accurate lip syn-
chronization. This design allows the two streams to comple-
ment each other: the global rhythm stream governs natural
head dynamics, whereas the local stream enforces precise
alignment between audio and lip motion.

3.2.2. Hand Clarity Codebook

While prior works such as CyberHost [23] and Show-
Maker [49] adopt online codebook training, we instead
pretrain the hand codebook offline on a large-scale, high-
quality dataset. This enables the model to capture stable
and expressive hand representations without being affected
by noisy supervision or entangled gradients from other re-
gions. Offline training also reduces the risk of overfitting,
as it decouples hand representation learning from the full
generation pipeline.

To learn a discrete hand codebook, we adopt a VQ-
VAE [40] comprising an encoder, a vector quantizer, and
a decoder. The encoder consists of residual and self-
attention blocks and gradually downsamples the input into
a 256-dimensional latent representation. A vector quan-
tizer with nearest-neighbor assignment maps the continu-
ous features to a discrete codebook of 1024 entries. The
decoder symmetrically upsamples and reconstructs the im-
age using residual blocks, enabling the model to capture
high-frequency hand details while maintaining a compact
and reusable discrete latent space. Additional training con-
figurations, along with quantitative and qualitative compar-
isons, will be discussed in Section 4.
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Figure 3. Overview of the Hand Clarity Codebook (HCC). a) The
encoder discretizes cropped hand images into latent codes, and
the generator reconstructs hands from these embeddings. b) Re-
constructions with a 16x16 latent size preserve finer textures and
structural details compared to 8x8.

Integration. During denoising, we crop the left and right
hand regions I, I, € REXCXHXW from the reference im-
age as inputs, where B denotes the batch size, C' the number
of channels, and i x W represents the spatial resolution of
the cropped region. These images are encoded and quan-
tized by the pretrained HCC, producing discrete hand em-
beddings:
[hl,h!] = HCC(I;,I,), hl, h] € RE*QunxQnxQu
“)
where Qgim denotes the codebook embedding dimension
and (@}, Q) represents the spatial resolution of the quan-
tized grid. The left and right embeddings are then concate-

nated along the channel axis and flattened into a sequence
of token embeddings F}, € RB*(2QnQuw)xQain

We inject these priors into the denoising U-Net via Code-
book Attention, guiding the model to generate anatomically
consistent and visually sharp hands. Given a hidden state
h() e RB*NixCi fyged with audio features, where N, de-
notes the number of spatial positions and C; the channel
dimension, the update rule is

h® « h® + Atmn (BU), Fh, Fu: Mhand> . 5)

where Mg € {0, 1}2XNix1 is a binary spatial mask that
restricts attention to hand regions. This mechanism en-
ables the diffusion process to directly exploit discrete, high-
resolution hand priors, producing anatomically consistent
hands with sharper contours and more realistic textures.

3.2.3. Pose Calibration Trick

In pose-driven generation, raw keypoints extracted from
driving videos often suffer from scale mismatch, propor-
tion distortion, or misalignment with the reference subject,
which leads to unnatural or misplaced hands. To address
this, we present the Pose Calibration Trick (PCT), a plug-
and-play, training-free component that reduces the rigid de-
pendency of generated hands on the raw driving keypoints.

PCT aligns the driving pose to the reference coordinate
system through a three-step procedure. First, a global scale
normalization aligns overall body size by rescaling each
keypoint p with horizontal and vertical factors (r;,7,) es-
timated from torso anchors. Second, segment-wise propor-
tion adjustment enforces local geometric consistency, where
correction factors p;; = l;jf/ l;; ensure limb lengths match
the reference. Finally, an anchor-based translation shifts
hand-related keypoints according to the torso center differ-
ence between driving and reference skeletons. This process
requires no additional parameters and can be seamlessly in-
tegrated into pose-driven generation frameworks.
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Figure 4. The results of VividAnimator compared with other audio-driven baselines.

4. Experiments

4.1. Training Setup

HCC Training Setup We pretrain the hand clarity code-
book on a curated dataset of 260,000 high-quality hand im-
ages, each center cropped and resized to 256 x 256. All
modules are trained for 200k iterations using the Adam op-
timizer with a fixed learning rate of 1 x 10~% and a batch
size of 256. The training objective combines an ¢, recon-
struction loss and the codebook commitment loss, with the
latter weighted by 5 = 0.25. We adopt nearest-neighbor
quantization with a codebook size of 1024 and an embed-
ding dimension of 256, and experiment with both 8 x 8 and
16 x 16 latent grids.To assess the effect of codebook de-
sign, we compare offline pretraining with online joint train-
ing and evaluate different latent resolutions.

Training Pipeline. Our training consists of two stages:
single-frame training for reconstruction fidelity and multi-
frame training for temporal consistency. Both stages are
optimized using latent loss. During the multi-frame stage,
the motion module is trained on a continuous sequence of
24 frames.This setup encourages temporal smoothness and
cross-frame consistency in the generated results.

Implementation Details. All experiments are conducted
on 8 NVIDIA A800 GPUs. We set the batch size to 8 for
single-frame training and 4 for multi-frame training. The
learning rate is 1 x 10~° with AdamW optimizer. Both
audio and image CFG scales are set to 2.5.

Dataset We construct a corpus of about 200 hours of
high-resolution videos from the internet. Among them, 40
hours consist of subtle-motion clips, and 160 hours contain
large-motion clips, covering diverse speech and gesture pat-
terns. To ensure data quality, we design a multi-stage filter-
ing pipeline: (1) split raw videos into 5—10s clips, crop and
center faces, and discard overly short samples; (2) remove
clips with overlaid subtitles [53]; (3) eliminate videos with
poor audio-visual synchronization [20]; (4) filter out severe
motion-blurred clips; (5) apply super-resolution enhance-
ment [34] to low-quality videos. Through this rigorous pro-
cess, we obtain a dataset that is high-resolution, stable, and
rich in motion diversity. We further sample 130 clips to
construct the test set, which will be publicly released to fa-
cilitate both quantitative and qualitative evaluation. For in-
ference, we employ FLUX [19] to synthesize 230 reference
images, uniformly stratified by age, gender, and skin tone
to ensure balanced coverage.

4.2. Comparison with Existing Works

Evaluation Metrics. To comprehensively assess the ef-
fectiveness of our approach, we evaluate performance
across four key aspects: image and video quality, iden-
tity consistency, motion clarity, and audio-visual synchro-
nization. Specifically, image and video quality are mea-
sured using FID [13], PSNR [14], SSIM [44], FVD [39]
and HyperIQA [36] scores. Identity consistency is assessed
by CSIM [12], which measures the semantic similarity be-
tween generated results and the reference image. For mo-
tion quality, we adopt HKC [23] (Hand Keypoints Confi-
dence) and HKV [23] (Hand Keypoints Variance) to quan-



Table 1. Quantitative comparison with existing half-body animation methods.

Methods ‘ SSIMT PSNRT CSIMT  FIDJ| FVD] HKCt HyperlQAT Sync-Ct Sync-DJ
Disco 0.616 16.93 0912  152.88 2311.18 0.784 57.60 - -
AnimateAnyone | 0.671 20.29 0.968 61.45 563.96 0.868 64.39 3.136 11.592
MimicMotion 0.689 20.01 0.961 91.39  855.11 0910 59.60 5.047 9.843
StableAnimator | 0.733 21.29 0974 6092 334.12 0.896 61.23 5.184 9.433
Hallo3 0.679 18.64 0933 106.01 642.54 0.861 55.82 2.687 12.226
MultiTalk 0.697 18.36 0.940 7996 46198 0.881 51.96 2.319 13.534
EchomimicV2 0.713 20.60 0966 6390 381.72 0924 69.81 6.221 8.719
VividAnimator | 0.711 21.05 0970 5443 33345 0.942 71.04 6.241 8.446
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Figure 5. The results of VividAnimator compared with other pose-driven baselines.

tify the clarity and diversity of hand motions, and we define
HMYV (Head Motion Variance) to evaluate the variability of
head dynamics. For audio-lip synchronization, we employ
SyncNet [32] to calculate Sync-C and Sync-D . Together,
this evaluation suite covers static quality, dynamic coher-
ence, and cross-modal alignment, providing a holistic re-
flection of realism, sharpness, and synchronization perfor-
mance.

Quantitative Results. We compare our method with
representative baselines, including Disco [42], Animate-
Anyone [20], MimicMotion [57], StableAnimator [38],
EchoMimicV2 [29], Hallo3 [6], and MultiTalk [18]. As

reported in Tab. 1, our approach achieves the best perfor-
mance on perceptual and motion-oriented metrics, attain-
ing the lowest FID and the highest HyperIQA and HKC.
These results substantiate its superior visual quality and
the ability to generate clearer and more stable hand ges-
tures. Relative to EchoMimicV2, our model provides ad-
ditional gains in HKC and HyperIQA, demonstrating the
effectiveness of explicitly modeling hand motion. Although
full-body pose—based methods (e.g., StableAnimator) yield
marginally higher SSIM and PSNR, this outcome is ex-
pected since pixel-level metrics are biased toward dense
pose supervision. In contrast, our method consistently
outperforms all competing approaches on perceptual and



Table 2. Ablation study on VividAnimator across different met-
rics.

Methods | HKCt HKVt HMV{  HyperIQA?T
HCC(online 8x8) 0911 44,657 4.063 63.04
HCC(online 16x16) 0914 44435 4157 63.37
HCC(offline 8x8) 0.920 44.495  4.095 65.24
w/o HCC(offline 16x16) | 0.907 43.749  3.636 69.40
w/o Head Aware 0.922 44.641 3.295 69.65
EchomimicV2 0.922 42221 3.061 69.81
VividAnimator 0942 46452 4.435 71.04

motion-centric metrics, which more reliably capture the fi-
delity of speech-driven generation, thereby establishing its
overall superiority.

Qualitative Results. Beyond quantitative metrics, visual
comparisons in Fig. 5 and Fig. 4 further highlight the ef-
fectiveness of our approach. Our method produces hand
regions with sharper contours and richer structural details,
while mitigating distortions and artifacts that commonly ap-
pear in high-frequency areas such as fingers. In addition,
the overall perceptual quality is substantially enhanced: the
synthesized videos look more natural and temporally stable,
with improved preservation of reference identity. As shown
in Fig. 4, unlike competing methods that often yield nearly
static head poses or limited motion, our model generates
clearer and more coherent head dynamics.
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Figure 6. Effect of the Pose Calibration Trick (PCT). Given the
same reference images and driving poses, VividAnimator with
PCT b) produces hands that are better aligned in position and scale
than the model without PCT a).

4.3. Ablation Studies

We further conduct ablation studies to validate the effective-
ness of thress proposed components.

Analysis of Hand Clarity Codebook. Removing the
HCC module leads to visibly blurrier hand regions and a

substantial drop in HKC, indicating that the codebook is es-
sential for modeling fine-grained hand details. We further
examine how different design choices affect HCC effective-
ness, including latent resolution and training strategy. As
shown in Fig. 3 and Tab. 2, the offline pretrained codebook
with a 16 x 16 size achieves the best performance in terms
of perceptual quality and detail preservation. Notably, all
offline variants outperform their online counterparts, under-
scoring the benefit of decoupling codebook learning from
the full pipeline. We attribute this to two factors: offline
training learns stable tokens from large scale, high quality
hand data under a single, well defined objective. In contrast,
joint training exhibits a distributional bias. Hand regions are
often small, blurry, occluded, and repetitive within the same
subject or scene, which encourages overfitting to scene spe-
cific hand templates rather than a generalizable hand prior.

Analysis of Dual-Stream Audio Aware Module. When
only a single audio injection stream is retained, the gen-
erated head motion lacks rhythm and lip synchronization
becomes inaccurate. As reported in Tab. 2,the HMV score
decreases, demonstrating that the dual-stream design plays
a decisive role in achieving robust audio—visual alignment.
Moreover, it also enriches head motion dynamics, leading
to more expressive and natural visual results.

Analysis of Pose Calibration Trick. When the Pose Cal-
ibration Trick is removed, the generated hand positions and
scales deviate from the reference subject, leading to unnatu-
ral spatial proportions. As illustrated in Fig. 6, this module
is crucial for improving perceptual naturalness and main-
taining coherent hand-body coordination.

5. Conclusion

In this work, we presented Vivid Animator, a novel end-to-
end framework designed to overcome persistent challenges
in human animation. Our method achieves high-fidelity
half-body animation by simultaneously improving render-
ing quality and generating expressive, natural head move-
ments. Our framework is built upon three core technical
components. First, the Hand Clarity Codebook (HCC) en-
hances fine-grained hand texture details by injecting rich
hand priors from a pre-trained VAE model. Second, our
Dual-Stream Audio-Aware Module (DSAA) enables the
generation of more natural and expressive head movements
by decoupling audio processing for lip and head motion.
Finally, the Pose Calibration Trick (PCT) improves motion
coherence in pose-driven methods by relaxing rigid con-
straints. Collectively, these innovations allow Vivid Anima-
tor to generate state-of-the-art results in both visual quality
and motion expressiveness. We believe our framework and
its components lay a strong foundation for future research
in controllable and high-fidelity human video synthesis.
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