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Abstract

Human-Centric Video Generation (HCVG) methods seek
to synthesize human videos from multimodal inputs, in-
cluding text, images, and audio. Existing methods strug-
gle to effectively coordinate these heterogeneous modalities
due to two challenges: the scarcity of modality-complete
data and the difficulty of jointly modeling triplet conditions
without performance degradation. In this work, we present
HuMo, a unified HCVG framework for collaborative mul-
timodal control. For the first challenge, we construct an
incomplete-yet-complementary dataset for improved data uti-
lization efficiency and training scalability. For the second
challenge, we propose a two-stage progressive multimodal
training paradigm with task-specific strategies at each stage.
In the first stage, to balance the text-following and subject-
preservation abilities, we adopt the minimal-invasive image
injection strategy. In the second stage, to enhance audio-
visual sync, we propose a focus-by-predicting strategy that
implicitly guides the model to associate audio with facial
regions. For joint learning of controllabilities across multi-
modal inputs, we progressively incorporate the audio-visual
sync task, building on previously acquired capabilities. Dur-
ing inference, for flexible and fine-grained multimodal con-
trol, we design a stage-adaptive Classifier-Free Guidance
strategy that dynamically adjusts guidance weights across
denoising steps. Extensive experimental results demonstrate
that HuMo surpasses specialized state-of-the-art methods in
sub-tasks, establishing a unified framework for collaborative
multimodal-conditioned HCVG.

Code — https://github.com/Phantom-video/HuMo
Extended version — https://arxiv.org/abs/2509.08519

Introduction

Recent advances in foundational video generation models
have significantly accelerated progress in Human-Centric
Video Generation (HCVG) (Lin et al. 2025; Hu et al. 2025;
Tian et al. 2025; Liu et al. 2025b; Chen et al. 2025b; He
et al. 2025), improving both the fidelity and controllability.
Such progress is democratizing short video production. Tra-
ditional filmmaking, entailing scene setup, casting, styling,
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Figure 1: We propose HuMo, a multimodal HCVG frame-
work that supports flexible input compositions of text-
image, text-audio, and text-image-audio. HuMo generalizes
to humans, humans with objects or animals, stylized hu-
manoid artworks, and animations.

and scripting, is labor-intensive and demands collective ex-
pertise, incurring substantial time and financial costs. HCVG
methods offers a disruptive alternative by leveraging multi-
modal inputs: text for describing scenes and actions, images
for defining human identity and subject appearance, and au-
dio for character speaking. It greatly reduces manual over-
head and enables scalable and efficient content creation.
Prior methods (Lin et al. 2025; Wang et al. 2025a) typi-
cally adopt a two-stage pipeline: a text-to-image (T2I) model
(Gao et al. 2025a) generates a subject-complete start frame
containing all required elements, followed by an image-to-
video (I2V)-based model for animation and audio injec-
tion. However, this approach heavily depends on the subject-
complete start frame, limiting text controllability to mod-
ify the provided subject and failing in cases with miss-
ing subjects, as shown in Fig. 2(a). On the other hand,
subject-consistent video generation (S2V) methods (Liu
et al. 2025b; Deng et al. 2025) leverage subject reference im-
ages and support flexible video customization through tex-
tual prompts. However, these methods are unable to incor-
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Figure 2: The I2V-based methods requiring a subject-
incomplete start frame cannot generate valid or subject-
consistent video, while traditional S2V methods cannot sup-
port audio input.

porate an audio modality and cannot control what a char-
acter is speaking, as shown in Fig. 2(b). This significantly
limits their application in scenarios requiring audio-visual
collaboration. Recent methods (Hu et al. 2025; Deng et al.
2025) attempt to integrate these two approaches mentioned
above. However, they struggle to achieve effective collabo-
ration among the triplet input modalities. For instance, em-
phasizing the influence of reference images often degrades
audio-visual sync. Conversely, prioritizing high sync tends
to compromise either the text following or the subject preser-
vation ability.

This work focuses on the HCVG task conditioned on text,
reference images, and audio, aiming to achieve collabora-
tive multimodal control. There exist two major challenges:
1) Lack of modality-complete data. Only a small amount
of data is paired with high-quality triplet conditions. Rely-
ing solely on such tri-modality complete data leads to ex-
tremely low data utilization and poor training scalability.
2) Difficulty in collaborative multimodal control. Within a
multi-task training framework, it is difficult to simultane-
ously achieve strong text following, subject consistency with
reference images, and accurate audio-visual sync, as these
abilities tend to compromise or undermine one another dur-
ing learning. To tackle these challenges, we propose HuMo.
Our key insight lies in the joint design of the data processing
pipeline and training paradigm that enables the collaborative
learning of multimodal controllability with incomplete-yet-
complementary multimodal data.

Specifically, to reduce reliance on fully modality-
complete data and enhance training scalability, we build an
incomplete-yet-complementary multimodal dataset by pair-
ing large-scale available text-video samples with retrieved
subject reference images and selectively filtered temporally-
aligned audio. Building on the constructed dataset, to es-
tablish multimodal control capabilities, we propose a two-
stage progressive multimodal training paradigm. 1) Subject
preservation task. To enable text-image collaborative con-
trol, ensuring subject preservation without degrading the
text following ability of the foundational DiT-based back-
bone (Wan et al. 2025), we adopt the minimal-invasive im-
age injection strategy that avoids structural modifications
of the DiT backbone and confines parameter updating to
a limited subset. 2) Audio-Visual Sync. We introduce au-
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dio cross-attention layers to inject audio modality. Since our
work cannot directly localize the audio’s influence like pre-
vious methods (Yi et al. 2025; Wang et al. 2025a), to en-
hance synchronization between audio and facial motions,
we propose a focus-by-predicting strategy by implicitly en-
couraging the model to associate audio signals with the face
and upper body. To prevent audio-visual sync learning from
undermining previously acquired ability, we retain the sub-
ject preservation task while progressively incorporating the
audio-visual sync task. This joint optimization facilitates
collaborative learning of controllability across text, image,
and audio modalities.

During inference, to enable flexible and fine-grained con-
trol over different input modalities, we propose a stage-
adaptive classifier-free guidance (CFG) strategy, whic dy-
namically adjusts the guidance strengths at different denois-
ing steps, allowing for precise and efficient collaboration
among text following, subject preservation, and audio-visual
sync.

The main contributions can be summarized as follows:

* Concept. We attribute the imbalanced multimodal con-
trollability in existing HCVG methods to the absence of
a comprehensive design across data processing and train-
ing paradigms for handling heterogeneous inputs. We
propose HuMo, a unified framework that enables col-
laborative control across text, image, and audio modali-
ties within a single model. It seamlessly supports various
input compositions of text-image, text-audio, and text-
image-audio.

* Methodology. 1) We establish a multimodal data
processing pipeline that reduces the dependence on
modality-complete data. 2) We propose a progressive
multimodal training paradigm with task-specific strate-
gies, which facilitates joint learning of controllabilities
across multiple modalities. 3) We design a stage-adaptive
CFG strategy, enabling flexible, fine-grained, and collab-
orative multimodal control.

* Significance. Extensive experimental results show
HuMo surpasses the specialized state-of-the-art (SOTA)
methods on both subject preservation and audio-visual
sync sub-tasks. We further demonstrate its effectiveness
and scalability by validating the framework on models of
1.7B and 17B parameters.

Related Works
Audio-Driven Human Animation

Audio-driven human animation aims to generate videos
from input human images to produce lip movements match-
ing input speech signals. Built on the foundational video
generation models (Kong et al. 2024; Wan et al. 2025; Gao
et al. 2025b; Seawead et al. 2025; Chen et al. 2025¢), audio-
driven human animation methods have achieved impressive
performance (Chen et al. 2023, 2025a,b). Hallo3 (2025) is
the first full-frame-size portrait animation application on a
pre-trained DiT model, using cross-attention layers for au-
dio control. To improve the motion dynamics, FantasyTalk-
ing (2025a) proposes to establish global motion at the clip
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Figure 3: Overview of our framework. HuMo model (left) is trained based on the proposed data processing pipeline (right).
Built upon a DiT-based T2V backbone from Stage 0, the model progressively learns subject preservation and audio-visual sync
capabilities in Stages 1 and 2, enabling collaborative generation across different modality compositions.

level and optimize lip synchronization at the frame level.
OmniHuman-1 (2025) scales the training data by incorpo-
rating hybrid motion-related conditions to generate more re-
alistic human videos. Despite their strong performance in
facial animation and body motion, existing methods still re-
quire a subject-complete start frame with visible facial fea-
tures, which limits user creativity.

Subject-Consistent Video Generation

Subject-consistent video generation (S2V) aims to extract
subject features from reference images and generate videos
with consistent subject identity based on text prompts.
Early approaches use pre-trained semantic encoders (Rad-
ford et al. 2021) to extract features from reference images,
achieving identity-preserving video generation via adapters
(He et al. 2024; Yuan et al. 2025b) or DiT cross-attention
layers (Polyak et al. 2024). In-context methods (Liu et al.
2025b; Deng et al. 2025) leverage the inherent consistency
of pre-trained DiT-based models by concatenating refer-
ence image latents with noisy video latents. These methods
achieve finer-grained subject consistency but weaken textual
control. To preserve the textual control of the pre-trained
model in our in-context method, we freeze the text-visual
cross-attention layers and fine-tune only the self-attention
layers. Moreover, existing methods support only image and
text modalities and cannot support human speech input,
which is critical for vivid and realistic video creation. Con-
current works such as InterActHuman (2025¢) and Hun-
yuanCustom (2025) integrate subject-consistent video gen-
eration with audio-driven human animation. However, they
still struggle to balance the influence of these three modal-
ities. In contrast, we propose a progressive multimodal col-
laborative training paradigm and stage-adaptive CFG to en-
able flexible multimodal control.

Methodology

To address the challenges of modality-complete data
scarcity and compromised performance in multimodal con-
ditioning, we propose HuMo, a Human-Centric Video Gen-
eration framework that enables collaborative control with
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Multimodal conditions. Given a textual prompt c,, refer-
ence images Cimg, and an audio singal c,, HuMo aims to
generate a video where the environment, human identity, ap-
pearance, accessories, clothing, as well as facial and body
motions are semantically aligned with the input conditions,
while remaining spatially and temporally coherent. We be-
gin in Sec. by describing the DiT-based T2V backbone
(Wan et al. 2025). Sec. outlines the construction of the mul-
timodal dataset. In Sec. , we present how a T2V model is ex-
tended to support triplet modalities. Finally, Sec. describes
our inference strategy for flexibly modality conditioning and
fine-grained and collaborative generation.

Preliminaries

In this work, we adopt a DiT-based T2V model (Wan et al.
2025) as our backbone. As shown in Fig. 3, it incorporates
a 3D Variational Autoencoder (VAE) to compress video into
a compact latent space. A text encoder is utilized to encode
textual information and then injected into the DiT backbone
with cross-attention. For training, flow matching is adopted
by learning a continuous velocity field that transports sam-
ples from a simple prior to the data distribution along deter-
ministic trajectories. HuMo inherits this DiT-based architec-
ture and extends it by incorporating additional image and au-
dio modalities, enabling multimodal conditioning for more
controllable video generation. To effectively train the model
under this multimodal setup, we formulate the flow match-
ing objective as:

EFM(G) = Et,zo,leU@('ztatvC) - (Zl _ZO)Hga (1)
where zj is a sample from the simple prior, z; is the latent
of the target video sample, and ¢ = {c¢u, Cimg, Ca} denotes
the multimodal condition of text, image, and audio. The DiT
model vy takes the noisy latent z; = (1 — t)zo + tz1, and
learns to predict its velocity at any point ¢ € [0, 1]. This
formulation allows HuMo to efficiently learn a deterministic
transport map from noise to data under complex multimodal
constraints.



Multimodal Data Processing Pipeline

High-quality, subject-consistent, and audio-visual synced
multimodal data is crucial for HCVG but remains scarce
and usually incomplete or misaligned. We propose a mul-
timodal data processing pipeline to construct an incomplete-
yet-complementary dataset, which forms the foundation for
the training paradigm we introduce later.

As shown in Fig. 3, our pipeline unfolds in several stages.
In Stage 0, we begin with a large-scale video pool (Wang
et al. 2025b; Li et al. 2025b) and leverage powerful VLMs
(Bai et al. 2025; Team 2025) for detailed text descrip-
tions, ensuring basic textual modality for each video sam-
ple. In Stage 1, to avoid the common copy-paste issue (Liu
et al. 2025b) in subject preservation, we follow prior works
(Chen et al. 2025d; Yuan et al. 2025a) to sparsely sample
video frames and retrieve cross-pair reference images from
a billion-scale image corpus. For humans, we retrieve im-
ages with the same identity but varying in appearance (e.g.,
makeup, pose, background, clothing, age); for objects, we
match the same semantic category but with varied visual
attributes (e.g., color, shapes, viewpoint). This strategy im-
proves text controllability for reference-guided generation
by discouraging direct frame replication in training. In Stage
2, we supplement the data with audio modality by filter-
ing for speech segments and creating tightly aligned audio-
visual pairs with lip-sync analysis (Li et al. 2025a). It is
worth noting that in Stage 2, since audio-aligned data pre-
dominantly exists in human-centric videos, we can only find
human reference images. Thus, data in Stage 2 remains in-
herently incomplete.

Through this pipeline, we build an incomplete-yet-
complementary multimodal dataset. Stage 1 includes
O(1)M video samples with text and reference images, while
Stage 2 contains O(50)K samples with temporally-aligned-
audio. Compared to relying heavily on fully modality-
complete data, our method offers greater data efficiency and
scalability, enabling effective continue training even in the
presence of missing modalities.

Progressive Multimodal Training

We structure the acquisition of multimodal control capabil-
ities into two distinct yet progressive training stages. Stage
1 establishes text-image controllability through the subject
preservation task. Stage 2 realizes the joint learning of text-
image-audio controllability via progressive training of the
previous task and the audio-visual sync task. Training data
for each stage is sourced from the corresponding stage of
our data processing pipeline.
Subject Preservation. In Stage 1, we introduce reference
images as additional inputs. To preserve the strong text fol-
lowing and image synthesis ability of the original DiT back-
bone, we adopt the minimal-invasive image injection strat-
egy, which adheres to two key principles: avoiding structural
modifications of the DiT backbone and confining parameter
updating to a limited subset.

Specifically, without modifying the model architecture,
we concatenate the VAE latents zng of the reference images
Cimg With the noisy latent z; along the temporal dimension
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as inputs. ¢jmg can be a single image of a human or an ob-
ject, or a composition of multiple images. To prevent the
model from misinterpreting the reference as the start frame
and performing undesired image continuation, we always
place the reference latents at the end of the video latent se-
quence, forming the input as [2;; Zimg|. This design encour-
ages the model to actively extract subject identity informa-
tion from the reference images via self-attention and prop-
agate it across all frames, enabling subject-consistent gen-
eration. The training is restricted to the self-attention layers
of DiT to minimally affect its inherent text alignment and
visual generation capabilities. Notably, text remains as in-
put to ensure semantic consistency and controllability in the
generated videos.

Audio-Visual Sync. In stage 2, we extend the first-stage
setup by incorporating audio modality. Following prior
works (Wang et al. 2025a; Kong et al. 2025), we insert an
audio cross-attention layer in each DiT block. Audio fea-
tures are extracted via Whisper (Radford et al. 2023) for
generalization across speakers and languages. Based on the
observation that human motions are primarily aligned with
temporally nearby audio cues (Suwajanakorn, Seitz, and
Kemelmacher-Shlizerman 2017), we construct the final au-
dio embedding ¢, € Rf*"*4 by concatenating audio em-
beddings within a temporal window centered at each video
frame stamp, where the window length n = 5 and and f
same with the sequence length of the video latents. ¢, is con-
ducted cross-attention calculation with hidden states frame-
by-frame:

Q.K,
Attention(h,, ¢,) = softmax( L)V, 2)
Vd
where Q. transformed from the hidden states h, €

RS xhxwxd of yideo latent in DiT net, K, and V, trans-
formed from audio embedding.

The aforementioned cross-attention is computed between
the audio signal and the full-frame video latent, but audio
cues are usually most correlated with localized human re-
gions (e.g., face, lip). Consequently, this coarse-grained at-
tention can lead to weak synchronization between audio and
human motion. We therefore propose a focus-by-predicting
strategy to implicitly guide the model to focus more on the
facial region. During training, we introduce a mask predic-
tor Fmask to estimates the potential facial region distribution
Mipred = Fmask (12). Mpreq is supervised by the ground-truth
binary face mask M, using a binary cross-entropy (BCE)
loss. Since early DiT blocks lack stable spatial representa-
tions, we only insert Fp,s after the audio cross-attention
modules in the last four DiT blocks and average these out-
puts as the final predicted mask. To further prevent the su-
pervision from weakening when the face region is too small,
we introduce a size-aware weight (Yi et al. 2025) by adap-
tively emphasizing the supervision on the face region:

hw
h w i,
Sy MG

Unlike prior methods (Yi et al. 2025) that apply hard gat-
ing on audio attention outputs, which is a truncation design

-BCE(Mjprea; My ).  (3)

Emask =
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Figure 4: Qualitative comparison for the subject preservation task. Zoom in for details.

Method Video Quality Text Following Subject Consistency
AEST IQA?T HSPt TVAT ID-Curt ID-Glinkt CLIP-I DINO-IT

Kling 1.6 (2025) 0.645 0.714 3.792 2.564 0.470 0.501 0.639 0.394
MAGREEF (2025) 0.622 0.708 3.331 2.852 0.334 0.359 0.665 0.416
HunyuanCustom (2025) 0.592 0.705 3.705 1.777 0.309 0.335 0.649 0.426
Phantom (2025b) 0.608 0.705 3.612 2.877 0.649 0.674 0.677 0.426
Ours-1.7B 0.586 0.680 3.432 3.222 0.609 0.668 0.660 0.414
Ours-17B 0.657 0.717 3.906 3.939 0.731 0.757 0.687 0.447

Table 1: Quantitative results for the subject preservation task with text and reference images as inputs.

we consider suboptimal. The focus-by-predicting strategy scales (A, Aimg> Aa) for each modality:
acts as a spft .regqlanzer, Whlch steers the .model’s fogus vg(2¢, 1, ¢) = Xa[ve(Cixts Cimgs Ca) — Vo (Cixts Cimg> D))
without crippling its representational capacity and retains + Aime[v6 (Cots Cime, @) — Vo (Cot, @, D)]
the flexibility to model full-body kinematics and complex img [V01Cxt, Cime, AN
interactions. + Aui[vo (et &, D) — v0(2, 2, D))
Progressive Training. To ensure that the acquisition of + (2, 9, D). 4)
audio-visual sync ability does not degrade the subject preser- HuMo can generate coherent results even when modalities
vation ability, we employ a progressive task-weighting cur- are absent, enabling condition combination of [, Cimg],
riculum in stage 2. Initially, training is dominated by the [Cxts Cal, and [, Cimg, Ca). Missing conditions are simply re-
subject preservation task (80% ratio, audio input as null) to placed by a null token &.
reinforce existing ability, while the audio-visual sync task Stage-Adaptive CFG. We observe that the influence of each
constitutes the remaining 20%. As training progresses, we modality shifts throughout the denoising process: early steps
gradually increase the proportion of the audio-visual sync tend to construct the overall semantic structure and spatial
task to 50%. Throughout this stage, we still adhere to the layout guided by text and image, while later steps focus
finetuning principles in stage 1 by only updating the self- on fine-grained details (e.g., identity similarity, audio-visual
attention layers and audio-related modules. This progressive sync). A static CFG configuration is suboptimal for the shift-
strategy facilitates a smooth transition for the model from bi- ing modal dynamics. We therefore propose a stage-adaptive
modal (text, image) to tri-modal (text, image, audio) inputs, CFG that dynamically switches between two configurations
ensuring stable training and the collaboration of multimodal of guidance scales. From timestep 1.0 to 0.98, we adopt the
learning. text/image-dominant configuration to establish a stable se-
mantic layout (e.g., character and scene composition). From
Inference Strategies time;step 0..98 to 0, we shift tf)'parameters that emphasize
audio and image control. Empirical results demonstrate that
Flexible Multimodal Control. For flexible, independent this strategy significantly improves multimodal collabora-
control at inference, we adapt CFG with separate guidance tion and enhances overall video quality.
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Figure 5: Qualitative comparison for audio-visual sync task. For the I2V-based methods, we use the first frame generated
by MoCha (Wei et al. 2025) as the input start frame. For HunyuanCustom and Ours, the cropped face from the start frame is
utilized as input. The official OmniHuman-1 (2025) website API does not support text input. Zoom in for details.

Method Video Quality Text Following  Subject Consistency  Audio-Visual Sync
AEST IQAT HSPt TVAT ID-Curt ID-GlinkT Sync-CtT Sync-DJ|
OmniHuman-1 (2025) 0.545 0.682 4.503 - 0.677 0.727 6.526 7.784
Hallo3 (2025) 0.381 0.634 4.200 6.117 0.726 0.727 5.189 9.212
FantasyTalking (2025a) 0.455 0.652 4.444 6.209 0.703 0.729 3.202 10.914
HunyuanCustom (2025) 0.358 0.619 4.370 6.246 0.729 0.716 4.562 9.892
Ours-1.7B 0322 0.661 4.350 5.865 0.721 0.729 6.005 8.648
Ours-17B 0.589 0.718 4.537 6.508 0.747 0.740 6.252 8.577

Table 2: Quantitative results for the audio-visual sync task on MoCha benmark.

Experiment closed-source OmniHuman-1 (2025). Comparison is con-
ducted on the MoCha benchmark (2025). Notably, Hun-
yuanCustom is the only method that supports reference im-
ages, while all other baselines rely on a subject-complete
start frame and follow the 12V generation paradigm. The lat-
ter methods are easier to achieve higher visual quality.

Implementation Details. We build our method on the back-
bones of Wan-2.1-1.3B and Wan-2.1-14B (Wan et al. 2025).
All video samples are resampled to 25 fps with a 480x 832
resolution. We employ a two-stage training strategy. Stage 1
involves training for 40k steps, with all audio-related mod-

ules disabled. Stage 2 continues for another 40k steps, where Evaluation Metrics. We conduct comprehensive evaluation
we enable the audio-related modules. covering four key aspects. 1) Video Quality. We evaluate
Comparative Methods. We compare HuMo with two visual appeal and perceptual quality using aesthetics (AES)
categories of baselines. 1) S2V methods that take text and image quality assessment (IQA) from the widely-used
and subject reference images as input, including open- VBench (2024). Specifically for human videos, we leverage
source models MAGREF (2025), HunyuanCustom (2025), the SOTA VLM, Gemini-2.5-Pro (2025), to estimate the hu-
Phantom-Wan-14B (2025b), and the commercial closed- man structure plausibility (HSP). 2) Text-Video Alignment
source method Kling 1.6 (2025). Comparison is conducted (TVA). Semantic consistency between the input text prompt
on an in-house benchmark of 100 test cases involving and generated video is measured via the VLM-based re-
humans, objects, and animals. 2) Audio-visual synced ward model (Liu et al. 2025a). 3) Subject Consistency. For
methods that take text, image, and audio as inputs, in- Human identity, we detect and crop faces from generated
cluding open-source methods Hallo3 (2025), FantasyTalk- frames, and compute similarity with the reference image us-
ing (2025a), HunyuanCustom (2025), and the commercial ing Face-Cur (2020) and Face-Glink (2021). For non-facial
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Figure 6: Qualitative ablation study on OpenS2V-Nexus
(Yuan et al. 2025a) benchmark. Prog: progressive.

objects, we use DINO-I (2024) and CLIP-I (2021) scores
to compute average embedding similarity. 4) Audio-Visual
Sync. We adopt Sync-C and Sync-D (Li et al. 2025a) to
quantify alignment between input audio and facial motion.

Multimodal Conditioned Comparison

Subject Preservation Task. 1) Qualitatively. Fig. 4 shows
that HuMo demonstrates superior performance in text fol-
lowing ability compared to other methods. For instance, in
case (b), where the prompt is “step into a temple”, other
methods fail to generate the correspondence. Our method
shows strong subject preservation and generalizes well to
unseen four-subject cases, accurately maintaining four dis-
tinct human identities, while other methods suffer from
missing person or human identity drift. HuMo also excels
in visual aesthetics and human structure plausibility. In (a),
HuMo generates a person wearing gloves without structural
artifacts, whereas baselines show noticeable limb degrada-
tion. In (c), HuMo seamlessly integrates a background im-
age into the generation, despite not being trained on any
background images. 2) Quantitatively. Tab. 1 reveals that
HuMo outperforms other methods in aesthetic and overall
image fidelity. HuMo achieves a strong capability in mod-
eling human pose and body integrity with the highest HSP
score. For text following and subject consistency with refer-
ence images, HuMo also achieves the SOTA performance,
which is consistent with the qualitative observation. This
highlights our model’s capabilities to achieve strong textual
editability without compromising subject consistency.

Audio-Visual Sync Task. 1) Qualitatively. Fig. 5 first
reveals HuMo’s superior capability in text following. In
case (a) and (c), HuMo successfully synthesizes the “sil-
ver guitar” and “golden light in the background” respec-
tively, whereas other methods fail to render these specific
details. This observation underscores a fundamental weak-
ness of I2V-based methods - their limited ability for re-
editing the provided subject-complete start frame. In case
(b), when provided with a dimly lit facial image, other meth-
ods are unable to generate the “clearly visible face” as re-
quired by the text prompt. HuMo, by contrast, not only syn-
thesizes a clear face but also preserves the identity of the
reference face image. 2) Quantitatively. As shown in the
Tab. 2, HuMo attains the highese scores for aesthetic quality
and text follwing. In terms of HSP and identity similarity,
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Variants AES 1 TVA 1 ID-Cur T Sync-C 1

Full Finetune  0.529 6.157 0.749 6.250
w/o Progressive 0.541 6.375 0.724 6.106
w/o Face Loc ~ 0.587 6.507 0.730 5.946
Ours-17B 0.589 6.508 0.747 6.252

Table 3: Quantitative ablation study on MoCha data.

our method outperforms HunyuanCustom. Notably, HuMo
also surpasses other 12V-based methods, despite their in-
herent advantage with stronger priors on body layout and
facial structure. For audio-visual sync, our 1.7B model al-
ready outperforms several open-source specialized mod-
els and trails only slightly behind the commercial method
OmniHuman-1. It is crucial to note that for this evaluation,
we only utilize a single reference face image. As illustrated
in Fig. 1, HuMo supports a combined input of audio and
multiple reference images (e.g., facial photos, clothing, ani-
mal), offering enhanced controllability and customization.

Ablation Study

We conduct ablation studies on three key designs of our
method. 1) Full Finetuning. We update all parameters of
the DiT model instead of confining parameter updating to
a limited subset. It leads to significant drops of AES and
TVA scores in Tab. 3. Visually, Fig. 6(a) fails to generate
the “phone”, and case (b) exhibits noticeable artifacts. Full
finetuning disrupts the DiT’s pretrained capabilities for high-
quality video synthesis and text-image alignment. 2) w/o
Progressive Training. We train two tasks in a single stage.
This change leads to a degradation across most evaluation
metrics. The generated character exhibits low identity simi-
larity to the reference image. This suggests that without pro-
gressively building different capabilities, the model strug-
gles to achieve effective coordination across modalities. 3)
w/o Face Loc. We remove the focus-by-predicting strategy.
It results in a decline in Sync-C score, and the generated lip
movements are misaligned with the spoken word. This high-
lights the importance of face location prediction for learning
audio-visual correspondence. Furthermore, we observe a de-
cline in ID-Cur score, indicating that this strategy also im-
plicitly contributes to better facial identity consistency.

Conclusion

We propose HuMo, a novel human-centric video generation
framework with multimodal conditions. HuMo establishes a
multimodal data processing pipeline, which effectively alle-
viates the reliance on modality-complete data. The proposed
progressive multimodal training paradigm successfully in-
tegrates the control capabilities of text, image, and audio
modalities into a unified model. Benefiting from the pro-
posed stage-adaptive CFG strategy, our model enables flex-
ible, fine-grained, and collaborative control over all three
modalities during inference. HuMo satisfies the multiple re-
quirements of text prompt following, subject preservation,
and audio-visual sync in human-centric video creation.



Ethical Statement

The development of HuMo for Human-Centric Video Gen-
eration may raise several ethical concerns. First, the abil-
ity to synthesize realistic human videos from multimodal
inputs (text, image, and audio) may lead to misuse, such
as deepfakes or non-consensual content creation. Ensuring
informed consent and protecting individuals’ likenesses are
critical. Second, fine-grained control over generated content
calls for responsible usage guidelines to prevent manipula-
tion or misinformation. Developers and users must adhere
to ethicalstandards, including transparency, data privacy, and
the prevention of harm.
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