This CVPR paper isthe Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

InfinityHuman: Towards Long-Term
Audio-Driven Human Animation

Xiaodi Li*!2, Pan Xie*!, Yi Ren*?, Qijun Gan*!2,
Chen Zhang?, Fangyuan Kong', Xiang Yin'f, Zehuan Yuan', Bingyue Peng!

!ByteDance

*Equal Contribution

(a) long-term id consistency

2Zhejiang University

fCorresponding Author

(c) human object interactio
_—

(b) hand motion naturalness & diverse character styles

(d) emotion control

Figure 1. InfinityHuman is an audio-driven full-body animation framework that synthesizes long-duration videos with (a) temporally con-
sistent visual appearance, (b) expressive and style-rich hand gestures, (c) dynamic human-object interactions, and (d) emotion-controllable,

audio-aligned full-body motions.

Abstract

Audio-driven human animation has attracted wide atten-
tion thanks to its practical applications. However, criti-
cal challenges remain in generating high-resolution, long-
duration videos with consistent appearance and natural
hand motions. Existing methods extend videos using over-
lapping motion frames but suffer from error accumulation,
leading to identity drift, color shifts, and scene instabil-
ity. Additionally, hand movements are poorly modeled, re-
sulting in noticeable distortions and misalignment with the
audio. In this work, we propose InfinityHuman, a coarse-
to-fine framework that first generates audio-synchronized
representations, then progressively refines them into high-
resolution, long-duration videos using a pose-guided re-
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finer. Since pose sequences are decoupled from appear-
ance and resist temporal degradation, our pose-guided re-
finer employs stable poses and the initial frame as a vi-
sual anchor to reduce drift and improve lip synchroniza-
tion. Moreover, to enhance semantic accuracy and ges-
ture realism, we introduce a hand-specific reward mecha-
nism trained with high-quality hand motion data. Exper-
iments on the EMTD and HDTF datasets show that In-
finityHuman achieves state-of-the-art performance in video
quality, identity preservation, hand accuracy, and lip-sync.
Ablation studies further confirm the effectiveness of each
module. And our project page is available at https :
//infinityhuman.github.io/.


https://infinityhuman.github.io/
https://infinityhuman.github.io/

Figure 2. Progressive Degradation in Long Video Animation by Previous Methods. Existing methods suffer from cumulative errors
leading to pronounced identity drift (facial inconsistencies), color shifts (hair, clothing), scene instability (background fluctuations), and
hand motion artifacts. These challenges underscore the necessity of InfinityHuman’s pose-guided refiner and hand-specific optimization
for producing high-fidelity, temporally coherent animations over extended sequences.

1. Introduction

Audio-driven character animation aims to generate realistic
human videos from a single image and audio input, trans-
forming static portraits into speaking characters. This tech-
nology holds significant potential across various industries,
including advertising, vlogging, and film production. With
the rapid advancement of video generation models, recent
research [8, 14, 22, 23, 30, 32, 41] has progressed from
driving facial and head movements to full-body animation,
greatly enhancing the expressiveness and richness of gener-
ated content.

Despite notable progress in full-body human animation,
critical challenges remain in generating high-resolution,
long-duration, and naturally coherent videos. These chal-
lenges can be grouped into two main areas: i) Long-Term
Visual Consistency: Existing methods [5, 8, 10, 20, 23, 32]
typically extend video sequences using overlapping motion
frames. However, as sequence length increases, accumu-
lated errors undermine visual coherence, resulting in pro-
gressive degradation. This degradation manifests in three
key aspects: inconsistent character identity (e.g., varia-
tions in facial proportions or clothing); global color in-
coherence (e.g., erratic shifts in tone or brightness); and
scene instability (e.g., shifting or disappearing background
objects). ii) Hand Motion Naturalness: Prior work has
predominantly focused on facial naturalness and coarse
body movements, neglecting the nuanced handling of hand
motions—small-range yet high-speed movements. Conse-
quently, large hand gestures frequently lead to distortions or
artifacts, and misalignment between hand movements and
audio further diminishes the expressiveness and realism of
generated videos.

To address the aforementioned limitations, we propose
InfinityHuman, a novel coarse-to-fine generation frame-
work. This framework first produces low-resolution motion
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frames synchronized with audio, and subsequently outputs
high-resolution long-form videos via a dedicated Refiner.

Our method introduces innovations in two key aspects.
First, we design a pose-guided refiner to address visual
drift in long-duration sequences. Given that pose sequences
are structurally decoupled from visual appearance, they in-
herently resist temporal degradation in appearance-related
features. Consequently, we use them as reliable condition-
ing signals. In addition, during continuous continuation,
we incorporate the initial frame as a visual anchor to fur-
ther enhance temporal consistency. This combination of-
fers both dynamic guidance for maintaining temporal coher-
ence and a reference for visual fidelity. Furthermore, com-
pared vanilla diffusion-based super-resolution, the pose sig-
nal provides strong anatomical structure and preserves fine-
grained motion patterns. This enables more accurate lip-
syncing while effectively reducing common artifacts such
as motion distortions and finger overlap in diffusion-based
super-resolution.

Secondly, considering that the human visual system is
highly sensitive to hand distortions such as incorrect finger
count, unnatural joint movements, we adopt a hand-specific
reward feedback mechanism and incorporate high-quality
hand motion data during training to guide hand genera-
tion. The mechanism encourages the model to produce tem-
porally consistent and correct gestures, thereby enhancing
character expressiveness and the realism of the video.

We evaluate InfinityHuman on the EMTD [25] and
HDTF [42] datasets, covering long-duration upper-body
and talking-head scenarios. Qualitative and quantitative re-
sults show it achieves SOTA performance in video quality,
id preservation, hand accuracy, and lip-sync. Ablation stud-
ies further confirm the effectiveness of our proposed model.
Our contributions are summarized as follows:

* We propose InfinityHuman, a coarse-to-fine generation
framework specifically designed to address the chal-



lenges of visual realism and temporal consistency in long-
duration audio-driven character animation.

We develop a pose-guided refiner that leverages stable
pose sequences and the initial frame as a visual anchor
to correct accumulated errors, maintain lip-sync accuracy,
and reduce artifacts in extended video sequences.

To improve hand movement realism and expressiveness,
we introduce a hand-specific reward feedback mecha-
nism, integrated with high-quality hand motion data.
Comprehensive experiments on EMTD and HDTF
datasets demonstrate that InfinityHuman outperforms
state-of-the-art methods across multiple metrics.

2. Related work

Long Video Generation Existing methods [1, 4, 11, 31]
extend video diffusion models to longer durations by mod-
ifying objectives or architectures. Autoregressive pipelines
and memory modules [1, 11] improve cross-segment con-
sistency but require costly retraining on curated long-video
datasets. In contrast, training-free extensions such as Gen-
L-Video [31] and FreeNoise [27] improve efficiency via
sliding-window attention and noise rescheduling. How-
ever, they offer limited temporal modeling, often causing
temporal drift and less coherent transitions between seg-
ments. To balance quality and efficiency, recent works [21,
28, 36, 39] fine-tune short-video diffusion models with pre-
vious motion frames as conditions for autoregressive con-
tinuation. Despite their flexibility, these methods suffer
from error accumulation at inference, leading to degraded
fidelity and identity shifts. We adopt a similar strategy
but address its limitations with a coarse-to-fine two-stage
framework. A low-resolution long video is first gener-
ated, followed by a pose-guided refiner that corrects ar-
tifacts and restores spatial-temporal consistency, yielding
high-resolution, identity-consistent long videos.

Audio-driven character animation. Recent advancements
in audio-driven character animation have significantly im-
proved lip-syncing and facial expression modulation using
latent diffusion models. Works such as SadTalker [41] and
Hallo [35] enhance audio-to-facial synchronization with 3D
rendering and diffusion techniques, while V-Express [30]
and EchoMimic [25] refine naturalness by integrating audio
with facial landmarks and control signals. Loopy [17] and
OmniHuman-1 [23] ensure identity consistency and mit-
igate data scarcity through multimodal training. Recent
works have extended to full-body animation, with DiffTED
[14] introducing a one-shot framework for synchronized
talking head and gesture animations, and CyberHost [22]
enhancing video quality using identity-independent features
and human priors. Despite these advancements, generat-
ing high-resolution, long-duration, and natural videos re-
mains a significant challenge, particularly in maintaining
long-term identity consistency and ensuring the naturalness
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of hand motions. However, our Infinity Human leverages
a pose-guided refiner and hand correction strategies to ad-
dress these issues.

3. Methodology

Overview. As shown in Figure 3, InfinityHuman is a uni-
fied framework designed to generate long-duration, full-
body talking high-resolution videos Vj,, from a single ref-
erence image Ii.s, audio Cyyugio, and an optional text prompt
(cext), ensuring visual consistency, precise lip-sync, and
natural hand movements. The framework adopts a coarse-
to-fine strategy, starting with Low-Resolution Audio-to-
Video(§3.1) to produce coarse motion in Vj, followed
by Pose-Guided Refiner(§3.2) to generate high-resolution
video V4, conditioned on Vj; and I.s. Additionally, Hand
Correction Strategies(§3.3) are introduced to enhance the
realism and structural integrity of hand movements.

3.1. Low-Resolution Audio-to-Video

Training Objective. We adopt Flow Matching [24] to train
the low-resolution audio-to-video generation (LR-A2V).
This approach enables efficient simulation of continuous-
time dynamics by learning to predict the data’s velocity
field. The backbone of our method is a DiT [26], denoted
as fp, which takes a noisy latent representation as input for
all frames z'*, along with conditioning information from
multiple modalities: a reference image I,.f, text condition
Ctext, audio condition c,yugi0, and a continuous time step
t € [0,1]. The low-resolution latent video '™ = {zI"'}/_ €
R D) xhxwxe i hroduced by encoding the input video Vi,
using a 3D VAE encoder.

To construct training samples, Gaussian noise €; ~
N(0,1) is sampled independently for each latent, and the
noisy latent at diffusion time ¢ for latent 7 is obtained by the
diffusion process:

Ir

=05 ) =1—1) ¢ +t-25 (1
The target velocity is then defined as:
dz}l, r
Vig =5 = )

The DiT model is trained to predict these velocities for
all frames jointly. The training objective minimizes the ex-
pected squared error:

L= EeiNN(O,I),tNZ/{(O,l) Hf@ ({Zr},rt}'if:oa Tief, Ctext, Caudios t)
2
_{vi,t}zf:OHQ

Multimodal Condition Attention. To improve the incor-
poration and alignment of audio information, we decouple
the audio condition from other modalities by introducing a

3)
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Figure 3. InfinityHuman Pipeline. The pipeline generates high-resolution (HR) audio-driven full-body videos through a two-stage coarse-
to-fine process. First, a speech-aligned low-resolution (LR) video is generated using multimodal conditioning (text and audio) and DiT
blocks. In the second stage, a pose-guided refiner utilizes pose guidance, LR latents, and reference images to restore degraded details,
enhancing identity consistency, motion coherence, and hand realism.

separate cross-attention branch specifically for audio. For-
mally, the identity-aware cross-attention is extended as fol-
lows:

CAmm (xlr’ Ctext, Caudio) =CA (xlra Ctexl) + CA (xlr’ Caudio)
“)
In this way, we enable more precise control over multimodal
interactions, allowing the model to better align audio cues
with visual dynamics and enhance the generation quality.

3.2. Pose-Guided Refiner

In long-term generation tasks, low-resolution video Vi
tends to accumulate errors over time, resulting in visual drift
where the appearance deviates from the reference image
Ier. To address this issue, the Pose-Guided Refiner (PG-
Refiner) leverages the reference image I.r as an identity
prior and conditions on the low-resolution video Vj, along
with its corresponding pose sequence P = {pi}?igl. This
ensures both temporal coherence in motion and consistent
appearance throughout the whole video.

Low-Resolution Video Latent Condition. To simulate
the temporal degradation phenomenon, we filter out high-
frequency signals from the low-resolution latent representa-
tion (') using a low-pass filter (LPF), and introduce noise
augmentation to improve the model’s ability to recover de-
tails and correct structural errors. Specifically, the degraded
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latent representation z%€'" is computed as:

2% = LPF(2") + augeg - € 6))
where LPF(2'") extracts the low-frequency components of
the video latent, ¢ ~ N'(0,0?) is additive Gaussian noise,
and ayge, controls the noise strength.
Pose Guidance Condition. Considering that pose se-
quence information possesses strong structural properties,
preserves fine-grained motions such as lip movements, and
remains highly stable with minimal error accumulation in
long-duration generation tasks, we adopt it as the condition.

Based on this, we extract human and background key-
points from Vj;, forming a pose sequence {pi}figl. To
avoid scale mismatch and keypoint overlap across different
resolutions, we use an 8-channel pixel-level representation:
the first 7 channels encode human keypoints, and the last
channel encodes up to 20 background keypoints. The result-
ing pose tensor is denoted as P € RASH1)x4hxdwxs = Ac
cordingly, we apply patchification along the temporal and
spatial dimensions: the temporal axis is divided into f + 1
segments, and the spatial dimensions into h X w patches,
yielding pose tokens P’ € R(f +1)xhxwx(64x8)

These pose tokens are projected into the latent space via
a learned projection and fused with the high-resolution la-
tent feature 2", producing a pose-aware latent representa-
tion 2'M" = 21 4 Proj(P’). The resulting """ serves as the



input to the generator, enhancing both visual fidelity and the
temporal consistency of motion in the generated video.
Refiner. To further enhance temporal consistency, we uti-
lize the initial reference frame as a visual anchor. The
Refiner module leverages the reference image I,of, pose
conditional features P, and the low-resolution degraded la-
tent feature zgeglr to generate high-resolution video frames.
Since the model is enhanced with temporal degradation dur-
ing training and introduces pose information as a control
signal that is more direct and structurally informative than
audio, it can effectively maintain long-term identity consis-
tency with the assistance of the reference image.

Unlike previous methods [15, 38] that rely on structure-
aligned reference networks, we adopt a prefix-latent ref-
erence strategy to ensure identity consistency and enable
high-quality long-sequence continuation. This strategy
fully exploits the 3D global attention mechanism in the DiT
architecture, allowing the model to directly extract iden-
tity features from the prefix latent. Specifically, we de-
note the high-resolution latent sequence as {2 }7_,, where
28" = E(I) is the prefix latent extracted from the ref-
erence image using a pretrained 3D VAE encoder E(-),
and 21" to 21 represent motion latents from preceding seg-
ments. As the first frame is not temporally compressed,
2% preserves more detailed information crucial for identity
preservation.

During forward diffusion, we inject noise ¢; ~ N(0, I)
only into the future latents:

2 0<i<m,

(6)
(1—t)-e+t-2M", m<i<f

so that frames 0 through m remain noise-free to provide
stable identity and motion guidance, and their noise pre-
dictions are excluded from the loss to maintain reference
stability and preserve identity consistency.

Formally, the training objective minimizes the velocity
prediction error over the noised subset:

hr

‘Cref = EE,;NN(O,I)., t~U(0,1) W - f9 ({Zi,t}{:(ﬁ Zdeglr’ P/7

2
f
- {Z?rl - ei}i:O %)
2
where w = {wi}{zo is a mask vector defined as
1, i>m
w; =9’ . ®)
0, otherwise

To achieve the continuity of motion in long video genera-
tion during inference, we take the first m latents of a new
chunk from the last m latents of the previous chunk, ensur-
ing smooth motion transitions between chunks.
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3.3. Hand-Specific Reward Feedback Learning

Previous models primarily focus on body and facial move-
ments but overlook detailed hand modeling, leading to un-
natural hand distortions in generated videos. To address
this, we introduce a hand-specific correction strategy that
explicitly targets these artifacts.

The human visual system is highly sensitive to hand
structures, with clear perceptual boundaries for distortions
such as incorrect finger count, unnatural articulation, or bro-
ken textures. Motivated by this, we introduce a preference
fine-tuning strategy that directly targets hand realism. By
optimizing the diffusion model using reward scores from a
pretrained image-level evaluator, we significantly improve
the structural fidelity and visual quality of generated hands.

Specifically, we first manually constructed a dataset of
10,000 paired image data of hand structures. Leverag-
ing this carefully domain-specific curated dataset, we per-
formed fine-tuning on the open-source MPS [40] model
to enhance its initial capability in capturing hand struc-
tural characteristics. Building on this, we leverage the pre-
trained image-level reward model to assess hand realism.
To adapt it for video, we decode the low-resolution latent
sequence {zif“ 7];:0 into RGB frames and randomly se-
lect one frame X* for evaluation. The training objective
becomes:

Ehand (9) = ]Ecwp(c) EX%I‘N'D(Zil:l) [T — Thand (Xz!r’ C)}

€))
where X" is a decoded frame randomly sampled from the
low-resolution latent trajectory, Thana(:) denotes the pre-
trained reward model’s assessment of hand quality, and T
denotes the threshold for hand quality. This approach intro-
duces fine-grained, hand-specific supervision without addi-
tional annotations, effectively enhancing anatomical plausi-
bility and reducing common distortions in generated human
videos.

4. Experiment

Trer, tll.l. Implementation Details

Datasets. Our data processing pipeline is as follows: First,
we employ SceneDetect [2] for temporal cropping of the
raw videos. Next, we use YOLO [18] to track the sin-
gle person, obtain corresponding spatiotemporal bounding
boxes, and perform spatiotemporal cropping. Additionally,
videos are filtered based on criteria including video qual-
ity, aesthetics, motion amplitude, hand clarity, mouth clar-
ity, and the proportion of the person within the frame. Ul-
timately, this process yields 7,700 hours of single-person
video clips, which is used to train the pose-guider refiner.
Building on this dataset, SyncNet [7] is further employed to
assess the synchronization between audio and mouth move-



Table 1. Quantitative Comparison of Audio-Driven Animation Methods on EMTD and HDTF. * denotes methods limited to talking-
head animation. InfinityHuman achieves SOTA results across benchmarks.(§4.2)

Method Video Quality Lip Sync ID Hand Stability
FID] FVD] IQAfT ASEf | SYNCt SYNDJ | FSIM{ | HKCt HKV
SadTalker™ [41] | 147.73  862.83 1.72 1.07 8.87 6.71 0.93 - -
AniPortrait™ [33] | 96.12  645.72 1.96 1.15 7.64 7.79 0.85 - -
V-Express™ [30] | 119.45  748.57 1.32 1.16 7.92 7.96 0.89 - -
EchoMimic* [6] | 167.17  757.38 1.61 1.19 6.71 8.23 0.82 - -
= HyAva [5] | 100.10  662.61 1.52 1.06 7.22 8.98 0.85 - -
= Hallo3 [8] | 74.10  250.12 1.95 1.14 7.31 9.30 0.91 - -
MultiTalk [20] | 85.01 404.45 1.78 1.13 8.76 7.69 0.84 - -
OmniAvatar [10] | 131.69  705.14 1.67 1.10 8.81 7.76 0.78 - -
Ours | 69.28  239.05 2.11 1.22 8.59 7.53 0.89 - -
Fantasy [32] | 133.73 1307.20 2.11 1.12 1.11 12.88 0.59 0.57 8.0
g HyAva [5] | 139.39 2160.92 1.76 1.18 4.89 9.37 0.67 0.75 29.2
m Hallo3 [8] | 104.51 1256.10  2.31 1.48 4.26 10.22 0.73 0.77 6.3
MultiTalk [20] | 103.68 1040.43  2.07 1.30 6.34 8.47 0.71 0.79 14.6
OmniAvatar [10] | 82.54 1104.99 2.16 1.31 5.40 9.13 0.72 0.86 28.7
Ours | 60.71 979.88  2.48 1.59 6.56 7.97 0.84 0.90 16.0

ments, filtering to obtain 1,800 hours of clips for training
low-resolution audio-driven video generation, where each
clip is 4 seconds. For the hand-specific reward model, train-
ing data pairs are constructed to evaluate the hand distor-
tion dimension. The resulting dataset contains 10,000 high-
quality annotated samples, created by 10 professional anno-
tators who labeled and filtered 40,000 candidate images.

Training. To train audio-driven low-resolution video gener-
ation, we begin with a pretrained Goku-12V [3] model. For
video generation training conditioned on multiple modali-
ties, we include reference images, first frames, audio, and
text as modal conditions. A multiple conditions dropout
strategy is applied during training to enhance robustness.
Specifically, text and audio are dropped with a 10% prob-
ability independently. Meanwhile, the reference image and
first frame are each dropped with a 20% probability.

To train pose-guided refiner, we also use Goku-I2V as
pretrained base model. We adopt the training strategy from
Humandit [9], exposing the model to a range of resolutions
to enable effective learning across diverse video qualities
and sizes. Our conditioning modalities include pose ex-
tracted via Sapines [19], first-frame reference images, and
low-resolution 3D VAE latents. During training, a dropout
mechanism is applied: both pose and low-resolution latents
are dropped with a 20% probability.

Both two models are trained using 128 NVIDIA GPUs
with a learning rate of Se-5. For LR-A2V inference, the we
apply audio and text classifier-free guidance (CFG) [13] set
to 6.5 and 30 denoising steps. For PG-Refiner, we apply
pose CFG set to 1.5 and 20 denoising steps. Furthermore,
we distill the PG-Refiner into a 1-step model while preserv-
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ing output quality, enabling ultra-fast low-resolution gener-
ation and efficient high-resolution refinement with minimal
steps. Detailed inference speed comparisons are provided
in the appendix.

4.2. Comparison with State-of-the-Art Methods

Evaluation Metrics. To evaluate our model, we use a
comprehensive video quality metric combining FID [12]
for image quality, FVD [29] for video dynamics, and Q-
align [34] for visual quality (IQA) and aesthetic appeal
(AES). Lip-sync accuracy is assessed using Sync-C and
Sync-D [7], while identity consistency is measured with
FaceSIM [16, 37]. For hand evaluation, we use aver-
age Hand Keypoint Confidence (HKC) and Hand Keypoint
Variance (HKV).

Test Datasets & Baselines. For evaluation, we use the
EMTD [25] dataset, which contains 110 720P speech
videos covering the upper body and hands. The longest
video lasts 74 seconds, with 23.64% of the videos exceed-
ing 15 seconds, making it well-suited for assessing audio-
driven portrait video generation in high-resolution, long-
duration scenarios. To further evaluate the generalization
ability of our method, we additionally select 100 samples
from the HDTF [42] dataset at a resolution of 512x512 as
a talking-face test set. We also conduct a user test, detailed
in the appendix.

We compare InfinityHuman with human animation
methods, including FantasyTalking [32], Hallo3 [8], Hun-
yuanAvatar [5], MultiTalk [20], and OmniAvatar [10], eval-
uated on the EMTD dataset. Since OmniHuman [23] is lim-
ited to 15-second videos and lacks long-form continuation
support, it is excluded from the long-video evaluation. For
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Figure 4. Qualitative Results of Audio-Driven Animation Methods on EMTD. Yellow and blue boxes highlight hand distortions and
face ID mismatches, respectively. The results demonstrate the superiority of InfinityHuman in maintaining identity consistency, lip-sync
accuracy, and visual fidelity during long-duration generation. Please zoom in for details. (§4.2)

Method FID, FVD] | FSIMt | HKCt on the EMTD dataset, our model achieves an FID of 60.71
wi/o refiner 109.54 | 876.49 0.79 0.85 and an FVD of 979.88, outperforming the previous best re-
w/o Ir cond 91.92 | 1001.00 | 0.86 0.85 sults of 82.54 (OmniAvatar) and 1040.43 (MultiTalk), re-
w/o pose cond | 156.74 | 1163.75 0.83 0.83 spectively. Notably, in full-body animation, our method
w/0 hand refl 86.32 | 844.57 0.86 0.85 achieves stronger identity consistency, with a FaceSIM of
ours 91.74 | 758.98 | 0.88 0.87 0.84 (vs. 0.73 for Hallo3). It also delivers better hand

motion quality, reaching the highest HKC of 0.90. These
improvements demonstrate that our model generates videos
that are both more visually realistic and exhibit better tem-
poral coherence.

Table 2. Quantitative Ablation Study. Demonstrating the effec-
tiveness of the pose-guided refiner and its corresponding condi-
tions, including low-resolution video latent condition, pose guid-
ance condition (§3.2), and hand-specific refl (§3.3).

Additionally, we conduct a qualitative evaluation, as il-

short-video comparison, please refer to the appendix. In lustrated in Figure 4. Our method demonstrates the abil-
addition, we evaluate our method on the talking face gener- ity to generate highly consistent and visually coherent an-
ation benchmark HDTF [42], comparing it with methods imations over long sequences, maintaining a strong align-
such as SadTalker [41], Aniportrait [33], V-express [30], ment with the corresponding audio. For instance, in the
EchoMimic [6], and other representative full-body models. 40-second case, our approach ensures consistent id preser-
Qualitative Results & Quantitative Results. For quantita- vation and color harmony throughout the video. In contrast,
tive comparison, as shown in Table 1, our method achieves other methods exhibit noticeable discrepancies in skin tone,
the best results in both FID and FVD across the audio- hair color, and facial shapes, especially during long video
driven head and full-body animation tasks. Specifically, continuations.
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Our method also excels in hand generation, particularly
when handling complex hand movements. While other
models often struggle with severe distortions or unnatu-
ral gestures, our method ensures stable and realistic hand
movements, even in challenging poses like hand crossing.
This further underscores the superiority of our approach in
managing intricate visual dynamics.

w/o hand refl  w/o pose w/oIr cond  w/o refiner ref

ours

Figure 5. Visualization of Ablation Study. Demonstrating the
effects of key components on animation quality.

4.3. Ablation Study And Discussion

Ablation on the pose-guided refiner. By removing the
pose-guided refiner, we directly decode videos from the
low-resolution generator on a subset of the EMTD dataset to
evaluate its effectiveness. As shown in Table 2, the overall
generation quality significantly degrades, with FID increas-
ing from 91.74 to 109.54 and FSIM dropping from 0.88 to
0.79. As illustrated in Figure 5, the degradation is particu-
larly evident in blurred facial details and reduced temporal
consistency. These results highlight the critical role of the
refiner in recovering visual quality, enhancing temporal sta-
bility, and preserving identity over long sequences.
Furthermore, given that the refiner relies on multiple
conditional inputs with non-trivial interdependencies, we
conduct a deeper analysis of their individual contributions
and guidance strength. As shown in Figure 5, omitting ei-
ther the pose information or low-resolution latent features
after training leads to color shifts and structural degradation
in long-term video generation. This suggests that both in-
puts serve as essential references: the pose offers accurate
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structural constraints, while the low-resolution latent helps
preserve overall semantic content and stylistic consistency.
Ablation on the hand-specific reward feedback learn-
ing. We also assess the impact of the hand-specific reward
feedback (refl) mechanism on generation performance. As
shown in Table 2, removing it from the full model results in
a decline in hand keypoint accuracy, with HKC decreasing
from 0.87 to 0.85. Qualitatively, more artifacts and discon-
tinuities appear in the hand regions, especially in sequences
involving complex or high-speed gestures. These findings
demonstrate that the hand-specific reward plays a vital role
in improving the realism, stability, and audio synchroniza-
tion of hand motion, particularly under challenging gestural
conditions.

4.4. Long-Form Video Stability

To explore the stability of our model on long-form video
generation, we segment a subset of output into consecutive
10-second clips and compute cumulative metrics over time
(i.e., 10s, 20s, 30s, etc.). This progressive evaluation en-
ables us to analyze how performance evolves as video dura-
tion increases.

As shown in Table 3, our model maintains stable perfor-
mance throughout extended video lengths. Specifically, key
metrics such as FID, FVD, FSIM, and Sync show minimal
degradation, indicating strong temporal consistency and ro-
bustness. In contrast, baseline models tend to suffer from
more noticeable quality drops as duration increases.

Table 3. Long-Form Video Stability Evaluation. Cumulative
metrics over increasing durations on the subset dataset.

Duration | FID| | FVD] | FSIMT | HKCT | Sync-Ct
10s 36.83 | 1015.36 | 0.8357 | 0.9224 | 7.23
20s 37.07 | 1156.05 | 0.8323 | 0.9062 | 17.36
30s 3502 | 131540 | 0.8266 | 0.8991 | 7.62
40s 35.92 | 1260.71 | 0.8154 | 0.9007 | 7.81
50s 35.50 | 945.84 | 0.8057 | 0.9059 | 7.46

5. Conclusion and Future Work

We present InfinityHuman, a coarse-to-fine framework for
high-fidelity, long-duration, audio-driven full-body human
animation. By introducing a pose-guided refiner and a
hand-specific reward mechanism, our approach effectively
addresses key challenges in visual consistency, lip-sync ac-
curacy, and hand motion realism. Extensive experiments on
EMTD and HDTF demonstrate that InfinityHuman achieves
state-of-the-art performance across multiple metrics.

A limitation of our current framework is that it is trained
solely on continuous single-person footage, which restricts
its ability to handle multi-person interactions and complex
scene transitions such as shot changes or cuts. Extend-
ing InfinityHuman to support multi-person generation and
scene transitions is an important direction for future work.
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