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Abstract. Recent advancements in audio-video joint generation mod-
els have demonstrated impressive capabilities in content creation. How-
ever, generating high-fidelity human-centric videos in complex, real-world
physical scenes remains a significant challenge. We identify that the root
cause lies in the structural deficiencies of existing datasets across three
dimensions: limited global scene and camera diversity, sparse interac-
tion modeling, and insufficient individual attribute alignment. To bridge
these gaps, we present OmniHuman, a large-scale, multi-scene dataset
designed for fine-grained human modeling. OmniHuman provides a hier-
archical annotation covering video-level scenes, frame-level interactions,
and individual-level attributes. To facilitate this, we develop a fully au-
tomated pipeline for high-quality data collection and multi-modal an-
notation. Complementary to the dataset, we establish the OmniHuman
Benchmark (OHBench), a three-level evaluation system that provides
a scientific diagnosis for human-centric audio-video synthesis. Crucially,
OHBench introduces metrics that are highly consistent with human per-
ception, filling the gaps in existing benchmarks by providing a compre-
hensive diagnosis across global scenes, relational interactions, and in-
dividual attributes. Experiments show that fine-tuning on only 20% of
OmniHuman significantly boosts performance, validating its effective-
ness in advancing complex scenario modeling. The dataset is available at
https://huggingface.co/datasets/juliab27/0mniHuman
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1 Introduction

The new generation of video-audio joint generation models, represented by Sora
2 [30], ovi [29] and Veo 3.1 |14], are gaining significant attention and are widely
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Fig. 1: OmniHuman: a 1M-video, 1800 hours, 80K-identity dataset with hierarchical
annotations covering diverse natural scenes and social interactions.

applied in downstream tasks such as film production, social media, and interac-
tive entertainment. Human behavior, serving as the visual focus and narrative
core, carries extremely high semantic density and presents unprecedented chal-
lenges for the fine-grained control of generative models. Although existing models
have achieved promising results in generating single-person close-ups or isolated
actions, their ability to generalize to complex, real-world physical scenes re-
mains severely hindered. We argue that the root cause lies in the systematic and
structural deficiencies of current human-centric datasets across core dimensions.
Specifically, these deficiencies are manifested in the following three levels.

(i) Global: Scene and Camera Diversity. Existing human-centric video
datasets are mostly limited to controlled environments (e.g., formal or semi-
formal scenes), causing poor generalization to complex real-world scenes. Most
also lack ambient audio and environment annotations, hindering models from
learning the coupling between human actions and environmental sounds, lead-
ing to semantic audio-visual mismatches in generation. Limited diversity in shot
scales and camera movements further induces artifacts like feature instability
and background distortion in specific shot types. (ii) Interaction: Person-
Person and Person-0Object. Current datasets focus predominantly on single-
person videos, with multi-person interactions accounting for less than 3% .
This imbalance results in three key deficiencies in multi-person scenarios: re-
lational distortion (lack of authentic social dynamics), audio-visual misassign-
ment (failure to map speech to the correct speaker), and identity drift (facial
feature blending or misalignment). Moreover, videos with person-object inter-
actions such as precise hand-tool contact are scarce, limiting the modeling of
physical interactions and narrowing the range of generated behaviors.

To address these challenges, we built an automatic pipeline to collect and
annotate high-quality video and audio data. The annotations cover three lev-
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els: video-level scene information, frame-level interactions, and individual-level
attributes. This led to the creation of OmniHuman, a multi-scene dataset for
detailed human modeling. A comparison with other datasets is shown in Ta-
ble [1] Our dataset introduces new features at three levels: (i)Global Level:
OmniHuman includes most common real-life scenes. We provide clear labels
for scene types and background sounds. This helps models learn to generate
videos where people and their surroundings match in both look and sound. The
videos also include different camera angles and both static and moving shots.
(ii)Interaction Level: We built a large collection of videos showing two peo-
ple interacting—talking, working together, or competing. We label each person’s
actions and identity, so models can learn who does what in group scenes, avoid-
ing issues like mixed-up identities or unnatural interactions. The dataset also
includes videos where people interact with objects, expanding from social to
physical interactions. (%ii)Individual Level: We selected high-quality videos
with good lip-sync and clear visuals. For each person, we provide detailed labels:
video-side labels include person ID, body movements, and face/hand clarity;
audio-side labels include speech text, speaker ID, emotion, and lip-sync quality.

Based on the above hierarchical analysis and dataset construction, we estab-
lish a corresponding benchmark, OmniHuman Benchmark (OHBench). Exist-
ing benchmarks [17}(18] have two key limitations: metrics misaligned with human
perception and missing critical dimensions. At the scene level, they lack eval-
uation of background plausibility across shot types and semantic audio-visual
consistency. At the interaction level, they miss assessments of interaction natu-
ralness, audio-visual assignment accuracy, and human-object interaction plausi-
bility. At the individual level, subject consistency and speech quality are over-
looked. These gaps hinder accurate model evaluation in complex real-world sce-
narios. To address this, we select diverse samples from our dataset with domain
gaps relative to the training data and construct a three-level evaluation sys-
tem for comprehensive model diagnosis. Through this hierarchical construction,
from global scenes to interaction relationships and then to individual attributes,
the OmniHuman dataset and its corresponding benchmark form a closed loop.
Specifically, the main contributions of this work are threefold:

— We construct OmniHuman, a large-scale, multi-scene audio-visual dataset.
Its effectiveness is underscored by substantial performance gains achieved by
fine-tuning an open-source model on a mere 20% of the data.

— We develop a fully automated hierarchical fine-grained annotation pipeline
that caters to the diverse needs of downstream tasks across video, frame and
individual levels.

— We establish OHBench, a comprehensive benchmark aligned with human
perception for human-centric multimodal video generation, enabling com-
prehensive diagnosis of model performance in real-world scenarios.
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Table 1: Comparison of different mainstream datasets. Columns are color-coded by
levels: Global, Interactional, and Individual.
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2 Related Work

2.1 Human-Centric Video Generation

Audio-visual synchronized video generation has evolved from cascaded systems
to a native bimodal paradigm [24}27,[28}31,/37.{45], jointly denoising visual and
audio streams in a unified architecture. Early work like MM-LDM |[36] explored
multimodal latent diffusion for joint synthesis, while JavisDiT [27] enhanced
alignment via hierarchical spatio-temporal prior estimation, though it strug-
gles in complex human-centric scenes. Meanwhile, proprietary models such as
Sora2, Veo3.1, and Wan2.5 [42] set industry benchmarks in physical simula-
tion and high-resolution one-pass generation. In the open-source human-centric
domain [19,/441/54], Ovi uses symmetric twin-tower fusion, MOVA [6] employs
mixture-of-experts, and LTX-2 [15] adopts asymmetric dual-stream for efficiency
and precision. For speech-to-video (S2V), recent breakthroughs include Om-
niAvatar [13] with multi-hierarchical audio embeddings, MultiTalk [38] using
Label Rotary Position Embedding for multi-character audio binding, and In-
finiteTalk |52] enabling infinite-length generation via sparse-frame dubbing.

2.2 Evolution of Human-Centric Datasets and BenchMarks

Human-centric video datasets and evaluation benchmarks have evolved in syn-
ergy, transitioning from early constrained portraits (e.g., VoxCeleb [7], HDTF
[57]) toward interactive scenarios (e.g., OpenHumanVid [25]|, SpeakerVid-5M
[55]). Despite this progress, systematic gaps persist in scene diversity, holistic
environment-aware acoustics, complex person-object physical interactions, and
fine-grained attribute persistence. Correspondingly, while assessment paradigms
have shifted from visual aesthetics (VBench [20]) toward multi-dimensional se-
mantic and physical diagnostics (VABench [18], SVBench [53], MTAVG-Bench
[58], PhyAVBench [49]), current benchmarks remain insufficient for evaluating
dyadic audio-visual assignment, background plausibility, and precise physical
contact, often exhibiting discrepancies with human perception. To bridge these
dual gaps, we propose OmniHuman, a hierarchically annotated dataset, and its
companion OHBench, a three-tier evaluation system that enables a comprehen-
sive diagnosis of model deficiencies in complex dynamic scenarios through strictly
aligned, fine-grained evaluation dimensions.
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Fig. 2: OmniHuman employs a fully automated pipeline for high-quality data collection
and fine-grained annotation, with each module applying progressive filtering to ensure
both video quality and annotation accuracy.

3 OmniHuman

The construction process of OmniHuman consists of several decoupled modules:
video preprocessing & filtering, subject tracking and pose estimation, audio-
visual alignment and synchronization verification, and hierarchical multi-modal
caption generation. Each module applies progressive filtering to ensure both
video quality and annotation accuracy. Through modular deployment, the full
data pipeline operates at scale in a streaming manner. The complete construction
pipeline is illustrated in Fig.

3.1 Video Preprocessing & Filtering.

This module forms the foundation of the data pipeline and aims to transform
raw videos from open, complex scenarios into spatiotemporally consistent, high-
availability segments with clean signals. This module is decomposed into four
hierarchical stages for progressive purification of multi-source video data.

Temporal-spatial cleaning. Temporally, we obtain semantically coherent short
clips through shot segmentation using the TransNetV2 algorithm. Spatially,
we use OCR and logo detection algorithms to estimate text-contaminated re-
gions, then crop frames to retain the main subject area, thereby removing visual
pollutants such as subtitles and logos. This process establishes foundational vi-
sual purification, improves frame quality, and ensures controllable clip duration.
Audio governance and signal standardization. This layer ensures audio
usability and consistency by removing samples with missing tracks, abnormal
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duration, or low quality (high silence ratio and low volume). All clips are stan-
dardized to 30 FPS and 44.1 kHz to eliminate potential source clock offsets.
Demucs [9] is then applied for four-source separation, extracting vocals as the
target track and mixing the remaining tracks as background. This design pro-
vides clean audio for subsequent audio-content processing tasks, including ASR
and lip-audio alignment.

Aesthetic filtering. This layer adopts a lightweight-to-heavy filtering strategy.
First, frame-level CLIP [32] aesthetic scoring rapidly removes low-quality clips.
Next, OCR-based text-density analysis and watermark detection estimate the
density and confidence of residual text, subtitles, and watermarks, and filter
clips accordingly. Furthermore, DOVER [46] evaluates composition and clarity
at the video level and filters clips based on the resulting scores. This process
further enhances visual cleanliness and video quality.

Motion filtering and temporal consistency. Finally, we perform motion
and temporal consistency checks. First, we use UniMatch [51] flow to analyze
motion quality, retaining valid motion while filtering static, shaky, or abnormal
segments. Then, we enforce temporal continuity by combining perceptual hash-
ing with SigLIP [41] cosine similarity to filter semantically inconsistent frames.
The four-tier pipeline progressively optimizes spatial-temporal usability, audio
purity, visual fidelity, and temporal semantic coherence.

3.2 High-Fidelity Subject Tracking and Pose Estimation.

Spatio-temporal Multi-Object Tracking. To capture human motion in in-
teractive scenarios, we build a highly robust multi-object tracking pipeline. We
use YOLOv11 [16] to detect human instances, and feed NMS-refined detections
into MOTRv2 [56] to model cross-frame associations via query propagation.
We allow a maximum loss span of 5 frames to handle short-term occlusion. The
pipeline outputs per-identity metadata as B; = {(box,,, score,,) fﬁgtstm, where
box,, and score,, denote the detection box and confidence score at frame m.
Fine-grained Whole-body Pose Representation. Based on identity-coherent
tracking, we perform fine-grained 2D whole-body pose estimation for each in-
stance using DWPose-L for body, face, and feet, with dedicated hand detection
and optimization. The pipeline performs frame-wise detection of 134 full-skeletal
keypoints for each tracked instance, denoted as K = {k; }%130, where each key-
point k; = (z;,y;, ¢j) consists of 2D coordinates and confidence ¢; € [0, 1]. These
keypoints cover body core, foot support, facial features, and both hands. To en-
sure facial fidelity, we compute a clarity score Cs = Var(AR) for face region R
based on Laplacian variance, and remove videos with persistently sub-threshold
facial clarity. For identity assignment, we extract face embeddings(ArcFace [10])
from the frame with the highest average confidence of face keypoints in each
track. We assign the same ID to frames with embedding similarity above 0.55,
yielding a unique person ID per video.
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3.3 Audio-Visual Alignment and Synchronization Verification.

In human-centric scenarios, precise synchronization between audio and visual
subjects is essential for a high-quality dataset. This module first uses the vocal
signal A, pcars extracted in Section [3.1] and performs speaker diarization with
3Dspeaker [4]. It identifies M active speech intervals {[tstart, tend)m }M_; with
unique speaker indices. To match speaking intervals with visual identity trajec-
tories while suppressing voice-over interference, we further introduce SyncNet [§]
to resolve audio-visual attribution. SyncNet takes face bounding-box sequences
from Section as visual input and computes cross-correlation between face
regions and each speech interval in a joint embedding space, producing a syn-
chronization score Sgy,.. The system then applies greedy matching to assign each
audio segment to the visual ID trajectory with the highest response. A sample
is retained only when all detected subjects satisfy Sgyn. above a preset thresh-
old and the temporal offset is within 3 frames. Unmatched audio segments are
preserved as background audio. We then apply ASR (FunASR-Nano [2]) to each
retained audio segment to obtain detailed speech transcripts. For each subject i,
the matched synchronization metadata is defined as S; = {[tstart, tend)m fmet, s
where M; denotes the segment subset associated with identity i. The pipeline
outputs a structured subject set P = {(ID;, B;, K;, S;)} Y., as comprehensive spa-
tiotemporal constraints. This high-precision alignment provides a reliable phys-
ical basis for training audio-visual joint generation models and supplies clean
cross-modal supervision for downstream speech-to-video generation tasks.

3.4 Hierarchical Multi-modal Caption Generation

Hierarchical Feature Deconstruction and Semantic Fusion. We employ
Qwen3-Omni [50] as the inference core to implement a two-stage generation
strategy that covers global audio-visual context and detailed subject-level at-
tributes. In stage one, the MLLM captures global video context—video type,
shot scale, camera motion, background, lighting and extracts fine-grained at-
tribute sets X; (appearance, motion, expression) for each subject ID;. Audio
analysis covers speech, music, and sound effects: 1) speech transcription wyy,
with associated subject ID, emotion, and timestamps, each speech metadata is
represented as A; = {([tstart; tend)m, Wm, IDm, emotion,, ) bmea,;; 2) music at-
tributes (type, mood, relative volume); 3) sound effect categories with textual
descriptions. We enforce strict mutual exclusivity between speech and music to
avoid overlapping supervision signals and maintain disentangled audio represen-
tations. Additionally, we apply rigorous post-processing to deduplicate repeated
speech and lyric content.

In stage two, the model synthesizes fragmented attributes into a coherent
long-form narrative caption C;. To reduce hallucination, we introduce a place-
holder mechanism. Instead of generating exact dialogue or lyrics directly, the
model inserts fixed-position anchors such as [speech _m] and [lyrics _m]. These
anchors are later replaced with the corresponding transcribed content from
stage one, preserving narrative fluency while ensuring strict consistency with
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Fig. 3: Statistical analysis of the OmniHuman dataset composition.

the source video on critical information such as dialogue and lyrics. To miti-
gate MLLM hallucinations and labeling errors, we introduce multiple validation
checks. The number of structured subject labels must match the tracking mod-
ule’s output (Sec. , and the speaker count and transcribed content must re-
main within an acceptable edit-distance margin from upstream ASR transcripts.
A video is retained only if it passes all checks.

Identity-Aware Multi-subject Alignment and Insertion. To resolve iden-
tity ambiguity in multi-person scenes, we introduce an identity alignment mech-
anism based on reference face images. Based on whole-body tracking results in
Section [3:2] we select, for each subject, the frame with the highest average con-
fidence over facial keypoints as the reference face. During stage one, the system
processes the video together with fixed reference faces {REF;, REF3} and en-
forces explicit identity verification. Each subject ¢ is assigned an identity label
ID; € {REF;,REF3}, establishing robust feature-level correspondence. In stage
two semantic fusion, we adopt a two-step referential insertion strategy. The sys-
tem first generates the raw caption C;. It then inserts identity anchors (REF;) via
suffix tagging after each noun or pronoun referring to that subject. Ultimately,
the pipeline outputs a structured subject set P = {(ID;, B;, K, X;, A;, C:) Y,
as comprehensive spatiotemporal and semantic constraints.

3.5 OmniHuman Statistics and Analysis

As shown in Fig. [3] our dataset comprises 1 million videos totaling 1,800 hours,
encompassing 80,000 distinct identities. The primary language is English, ac-
counting for up to 80%. It covers eight typical shooting scenarios: home living
spaces, business offices and creative studios, natural environments and land-
scapes, urban and rural built landscapes, public performance and sports venues,
commercial and retail spaces, and industrial and work areas, with detailed dis-
tributions illustrated in Fig. [3{(a). Additionally, the dataset includes eight video
content types: talk shows and interviews, educational, food and cooking, sports
and fitness, music and performance, gaming, product reviews, and movies and
TV. Based on the number of visual subjects, our dataset is further categorized
into two classes, single-person and two-person, with their proportions shown in
Fig.[3[(b). The pie charts in Fig. [3{c) and (d) illustrate the distributions of video
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resolution and duration, respectively. Technically, all videos are of high-definition
quality or higher, providing a robust visual foundation for model training.

4 OmniHuman Benchmark (OHBench)

Data Collection of OHBench. Our evaluation set samples from OmniHuman
with domain gaps relative to the training set; its distribution is shown in Fig.
At the global level, we cover eight real-life scenarios across various shot scales
(extreme long to extreme close-up). At the relational level, we include single
and two-person videos at a fixed ratio, with a particular focus on challenging
person-object interaction scenarios including tool use and physical manipula-
tion. In total, the benchmark contains 331 single-person, 128 two-person, and 20
person-object interaction videos.

Supported Tasks. The OmniHuman Benchmark offers broad task applicability,
fully supporting various human-centric video generation tasks, including audio-
video joint generation, speech to video, video dubbing, controllable human video
editing and downstream speech generation tasks.

Overview of Metrics. OHBench is organized into three progressive levels with
seven dimensions. At the global level, we assess video quality, audio quality, and
multi-modal alignment. At the relational level, we evaluate person-person and
person-object interaction. At the individual level, we measure subject-video and
subject-audio fidelity. These dimensions enable comprehensive diagnosis of fine-
grained human-centric scene modeling. We find existing metrics (e.g., VBench’s
aesthetic score, identity consistency, and SyncFormer [21] for audio-visual syn-
chronization) often misalign with human perception. To address this, we con-
struct a new evaluation suite by curating perception-aligned existing metrics and
designing novel ones for previously uncovered dimensions. We provide evidence
in the supplementary material demonstrating that our metrics better align with
human judgment. Our evaluation integrates expert model-based and MLLM-
based assessments; all prompts are provided in the supplementary material.

4.1 Foundational Synthesis Quality

Video Quality. We evaluate video quality through two complementary aspects:
foundational quality and background plausibility. For foundational quality, we
adopt metrics from VBench aligned with human perception, focusing on imag-
ing quality (IQ) and dynamic degree (DD). Specifically, we use MUSIQ [22] to
predict per-frame imaging quality, capturing distortions like overexposure, noise,
and blur, and RAFT [39] optical flow to assess motion intensity. For background
plausibility, we leverage Gemini-3 to perform semantic analysis and physical
plausibility judgment on video frames, assessing temporal realism—particularly
temporal stability in static shots and parallax plausibility under dynamic cam-
era movements. The model outputs a score from 1 to 10.

Audio Foundation Quality. We compute the aesthetic score (AbS) as the av-
erage of four Audiobox [40] dimensions: content enjoyment, content usefulness,
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production complexity, and production quality. Additionally, we introduce KL
divergence and Fréchet Distance (FD) to measure the distributional and percep-
tual similarity between generated and real audio, respectively.

Audio-Visual Synchronization and Semantic Consistency. To evaluate
audio-visual synchronization (A-V) in complex environments, we use Image-
Bind to measure temporal offsets between visual and auditory events, as-
sessing synchronization accuracy between action sounds and background. Addi-
tionally, we employ CLAP to compute audio-text semantic similarity (T-A),
quantifying alignment between generated sound effects and corresponding text.

4.2 Social-Physical Interaction Realism

Person-Person Interaction Quality. For two-person interaction scenarios,
we leverage the multi-modal large model Gemini-3-pro to evaluate interaction
capabilities across three dimensions, each rated on a scale of 1 to 10:: interac-
tion naturalness (IN) assesses social plausibility via eye contact, body gestures,
and action responses (e.g., nodding, gaze following); listener realism (LR) eval-
uates both the accuracy of mapping audio signals to the corresponding speaker
(multi-agent audio-visual assignment) and whether the silent listener maintains
a natural expression without producing lip movements.; emotion similarity (ES)
measures whether the emotional expressions of interacting parties are coordi-
nated and align with semantic context and social expectations.

Dual-person ID Consistency. We employ ArcFace to extract identity em-
beddings for both individuals and compute the cosine similarity between these
embeddings and their ground-truth counterparts. The average similarity score
(IC*) quantifies identity drift in dual-person scenarios.
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Table 2: Evaluation on I12AV task in global level metrics.

Models Video Quality Audio Quality Multi-modal Align
1Q1 DDt BPt AbST KL{| FDJ T-At V-At
Closed-source model
Veo3 0.737 0.878 8.74 5.40 0.79 0.87 0.39 0.37
kling2.6 0.722 0.686 8.21 4.05 1.28 1.02 0.36 0.26
‘Wan2.5 0.707 0.721 8.45 4.42 1.04 0.87 0.33 0.21
Sora2 0.708 0.538 8.52 3.34 0.87 0.87 0.32 0.30
SeedDancel.5-pro 0.726 0.897 8.65 5.63 0.84 0.83 0.36 0.31
Open-source model
Universe-1 0.681 0.390 7.19 2.51 1.18 1.17 0.16 0.19
Uniavgen 0.709 0.575 8.24 4.21 0.84 0.89 0.37 0.19
Ovi 0.701 0.691 8.58 3.75 0.97 0.90 0.40 0.23
MOVA 0.695 0.564 8.33 4.27 0.96 1.01 0.20 0.29
LTX-2 0.720 0.601 8.73 3.69 1.04 1.06 0.28 0.27
ours(LTX-ft) 0.721 0.665 8.78 413 0.77 0.93 0.35 0.30

(+0.1%)  (+10.7%)  (+0.5%)  (+11.9%)  (+25.9%)  (+12.3%)  (+25.0%) (+11.1%)

Person-Object Interaction Quality. For person-object interaction, we eval-
uate two core dimensions using Gemini-3 (1-10, higher is better): object consis-
tency (OC) measures the temporal stability of an object’s appearance, position,
and state, ensuring it remains identifiable and follows physical laws; contact nat-
uralness (CN) assesses the physical plausibility of the human-object interface via
spatial accuracy, temporal synchronization, and force interaction realism.

4.3 Subject-Centric Fine-grained Traits

Subject-Video Quality. We evaluate subject-level video attributes via three
metrics: id fidelity, subject attribute consistency, and lip sync. For id fidelity, we
employ ArcFace 10| to extract facial features and compute similarity between
generated and reference faces, ensuring alignment with human perception. Sub-
ject attribute consistency leverages Gemini-3 to assess the subject’s continuous
presence and physical coherence over time, focusing on issues such as disappear-
ance, missing or severed body parts, and abrupt facial or body mutations. Lip
sync uses SyncNet [8] to measure synchronization accuracy between lip move-
ments and speech, ensuring precise lip-audio alignment.

Subject-Audio Quality. We assess subject-level audio attributes via two met-
rics: pronunciation accuracy and speech realism. The former is measured by com-
puting word error rate (WER) using SenseVoice [1] against ground-truth text,
quantifying the accuracy and intelligibility of spoken content. speech quality is
assessed using the OVRL (Overall Quality) score from DNSMOS [33], a robust
non-intrusive metric that evaluates perceptual quality. It effectively captures
both the suppression of background noise and the naturalness of the synthesized
speech, providing an objective measure aligned with human perception.
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Table 3: Evaluation on I2AV task in interaction and individual level metrics.

Models Person-Person Person-Object Subject-Video Subject-Audio
1C*r INt LRt ESt oct CNt 1Ct ACt  Synct SQt WER]
Closed-source model
Veo3 0.580 7.00 8.84 7.31 7.05 8.12 0.675 9.77 8.32 2.96 0.24
kling2.6 0.660 5.50 8.13 5.97 7.76 8.32 0.724 9.06 7.91 2.71 0.23
‘Wan2.5 0.705 6.02 7.97 6.52 7.24 7.86 0.802 9.45 6.83 2.59 0.24
Sora2 0.579 6.15 7.91 6.29 7.03 7.24 0.690 9.74 7.47 2.40 0.30

SeedDancel.5-pro 0.714 6.59 8.54 6.97 6.56 6.82 0.758 9.62 7.93 3.02 0.29

Open-source model

Universe-1 - - - - 4.72 4.97 0.683 9.41 1.75 2.56 0.76
Uniavgen - - - - 5.24 5.36 0.599 9.43 4.45 3.01 0.30
Ovi 0.443 5.84 6.35 7.67 6.61 6.72 0.588 9.61 6.97 2.96 0.29
MOVA 0.561 6.09 7.81 6.36 5.98 5.37 0.682 9.24 6.18 2.99 0.26
LTX-2 0.562 6.47 8.94 6.63 6.95 6.98 0.656 9.51 6.91 2.89 0.29

0.589 6.53 8.92 6.76 7.12 7.32 0.696 9.64 7.11 2.98 0.27

LTX-ft
ours( ) (+4.8%) (+0.9%) (-0.1%) (+21%) (+2.4%) (+4.9%) (+6.1%) (+14%) (+2.9%) (+3.1%) (+6.9%)

Table 4: Evaluation on S2V task: global quality, relational interaction, and
individual subject performance.

Global Level | Relational Level | Individual Level

Models Video Quality AV-Align ‘ Person-Person Person-Object ‘ Subject Video
IQt DDt BPt VAt | IC*t INt LRt ESt OCt CNf | ICt ACt Synct

Closed-source model

kling-avatar |12] 0.707 0.517 8.45 0.369 - - - - 6.52 6.43 0.844 9.81 6.89
wan2.2-s2v 0.710 0.754 8.73 0.374 - - - - 6.41 6.32 0.710 9.62 7.24
Omniavtar 0.703 0.352 8.66 0.369 - - - - 6.17 6.56 0.655 9.73  6.88
hunyuanvideo-avatar |5| 0.681 0.830 8.40 0.351 - - - - 5.01 5.24 0.642 9.29 5.52
Multitalk 0.700 0.433 8.86 0.362 0.578 590 7.64 6.26 6.32 6.49 0.704 9.80 7.59
InfiniteTalk 0.702 0.545 8.87 0.369 0.679 6.06 7.94 6.31 6.43 6.51 0.775 9.81 7.63

5 Experiment

5.1 Evaluation details

We evaluated recent open and closed source models on the I2AV task using the
seven-dimensional OHBench. The closed-source models include Veo3.1, Wan2.5,
Sora2, kling2.6 [23], and SeedDance-1.5-pro [34]; the open-source models include
Universe-1 |43], UniAVGen [54], Ovi, LTX-2, and MOVA. For inference, we gen-
erated 5-second videos (or the closest available length for models not supporting
5 seconds). All models were evaluated at the resolution closest to 720P.

5.2 Main Results

Overall Performance Landscape. We show comprehensive OHBench results
for all evaluated models in Tab. [2] and Tab. [3] Closed-source models generally
outperform open-source ones across most metrics. Veo3 and SeedDancel.5-pro
lead in overall video quality, interaction rationality, and individual attributes.
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Video quality —— oui Video quality —— Veo3
x2 King2.6
—— MoVA —— Wan25
—— Universe —— sora2
—— Uniavgen —e— SeedDancel. 5-pro

Subject audio Audio quality Subject audio Audio quality

Subject video | Multi-Modal Align Subject video Multi-Modal Align

Person-Object Person-Person Person-Object Person-Person

(a) open-source models (b) close-source models

Fig. 5: Performance distribution of 10 models across seven dimensions on OHBench
for audio-video joint generation task.

Closd-source Model Results.Veo3 achieves SOTA performance across
nearly all metrics, excelling particularly in audio-visual alignment and lip-sync
accuracy. SeedDancel.5-pro ranks second overall, with top performance in mo-
tion dynamics, audio aesthetics, perceptual similarity, and voice quality. kling2.6
shows a clear advantage in person-object interaction and speech accuracy. Wan2.5
achieves the best identity preservation but lags in speech quality, multi-modal
alignment and lip-sync compared to other closed-source models. Sora2 performs
relatively poorly among closed-source models, especially in speech quality.

Open-source Model Results. Regarding open-source models, Ovi rivals
closed-source models in cross-modal semantic consistency and lip-sync. How-
ever, it underperforms in listener realism and occasionally exhibits audio-visual
assignment errors (see supplementary material). LTX-2 emerges as the strongest
open-source model overall, particularly in dyadic interaction and video quality;
notably, its listener realism surpasses all closed-source models. MOVA shows
balanced performance across most metrics but struggles with person-object in-
teractions and individual attribute consistency, occasionally producing artifacts
like subject disappearance or flickering. UniAVGen achieves competitive results
in audio quality and subject attributes but lacks dyadic interaction capability
due to insufficient multi-person and person-object training data. Universe-1, as
an earlier baseline, lags behind across most evaluation dimensions.
Capabilities and Limitations Across Dimensions. To provide a more in-
tuitive comparison between open-source and closed-source models, we summa-
rize their comprehensive performance across seven dimensions. As illustrated in
Fig. bl existing models perform reasonably in global audio-visual quality, with
closed-source models excelling in global video quality. However, individual-level
speech and video quality lag behind overall metrics. Moreover, person-person,
person-object interaction and multi-modal alignment, remain areas requiring
significant improvement.

Closed-source models significantly outperform open-source ones, particularly
in video quality and person-object interaction, while also maintaining a marginal
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lead in person-person interaction, multi-modal o
alignment, and audio quality. This overall advan- Video quaity Vs
UniAVGe
tage suggests that closed-source models are not Subioctat R ——
ubject audio
only stronger in low-level visual fidelity, but also : Audio quality

more capable of modeling complex human-centric
relationships and cross-modal dependencies. Such
superiority largely stems from their massive train- — Suwicctvideo
ing datasets, which provide sufficient coverage and

support across scene-level, interaction-level, and Person-Object  Person-Person
individual-level tasks. Additionally, application-

driven optimization encourages these models to Fig.6: Performance compar-
incorporate post-training alignment with human 1son of LTX-2 before and af-
preferences, further improving their robustness ter finetuning on the OmniHu-
and perceptual quality in practical scenarios. Ney- ™" data subset.

ertheless, even for closed-source models, substantial room for improvement re-
mains, especially in the quality of multi-modal alignment and person-object in-
teraction. These aspects still require more fine-grained temporal understanding,
stronger relational reasoning, and better consistency between visual actions, au-
dio cues, and semantic conditions.

Multi-Modal Align

Generalists vs. Specialists: The Impact of Data Strategies and
Backbone Designs on Model Quality. Notably, Fig. |5 reveals that open-
source models exhibit more balanced performance, whereas closed-source mod-
els show uneven distributions, a phenomenon closely tied to the architectural
trade-offs and data-centric strategies of open-source development. Specifically,
Ovi demonstrates remarkable results in text-audio (T-A) synchronization within
multi-modal alignment, even surpassing all closed-source models in the latter.
This advantage is attributed to its large-scale audio pre-training. However, Ovi’s
dual-person identity consistency and listener realism (LR) are limited by scarce
complex interaction samples in its training data. Conversely, LTX-2 demon-
strates stunning capabilities in person-person interactions, especially in listner
realism, slightly outperforming Veo3. It also maintains a significant lead in over-
all video quality (IQ). However, its audio quality suffers due to its audio branch’s
5B parameters and highly compression Mel-spectrogram latent space, prioritiz-
ing speed over acoustic fidelity; training data quality is also be a limiting factor.

Our more Observations. We observe that model performance on human
generation significantly degrades as the shot scale transitions from close-up to
long shot. Both lip movements during speech and overall body motions become
worse, with increased artifacts in the mouth region and facial distortions. This is
likely attributable to the inherent difficulty of modeling humans in distant views
and the imbalanced distribution of shot types. Additionally, we find that iden-
tity distortion rates are higher in two-person scenarios. Detailed case analyses
are provided in the supplementary material.

More Application. For the task of speech-driven video generation, we selected
appropriate evaluation metrics from OHBench and systematically assessed cur-
rent state-of-the-art methods. The results are presented in Tab. 4] Overall, In-
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finiteTalk achieves the best performance across most metrics. Due to space lim-
itations, additional results and detailed analysis are provided in the supplemen-
tary material.

5.3 Fine-tuning with OmniHuman improves quality.

We randomly sampled 180,000 single-person and 20,000 two-person samples from
OmniHuman dataset to finetune LTX-2, a representative open-source model. As
shown in the last rows of Tab. 2] and Tab. [3] the finetuned model achieves im-
provements across all evaluation metrics. Notably, audio quality shows signifi-
cant gains (KL+25.9%, FD+12.3%, AbS+11.9%), and multi-modal alignment is
also substantially enhanced (T-A+25.0%, V-A+11.1%). Furthermore, clear im-
provements are observed in dynamic degree (DD+10.7%), identity consistency
(IC+6.1%, IC*+4.8%), and contact naturalness (CN+4.9%).

Fig. [f] illustrates the performance gains from fine-tuning across seven dimen-
sions. The results demonstrate that fine-tuning effectively compensates for LTX-
2’s original weaknesses in audio quality, multi-modal alignment, and subject-
audio attributes, while further amplifying its advantages in subject Video, per-
son object, and person-person dimensions. These results demonstrate that the
high-quality audio-visual pairs from OmniHuman allows LTX-2 to transcend its
original generation upper bound, establishing it as a leading open-source model.

6 Conclusion

We presented OmniHuman and OHBench to advance human-centric video-audio
joint generation. By addressing structural data deficiencies, we introduced a hi-
erarchical framework spanning global, relational, and individual realism. Our
work offers a large-scale dataset with video/frame/individual-level annotations
via an automated pipeline. Complementarily, OHBench establishes perception-
consistent evaluation by filtering out misaligned metrics and incorporating miss-
ing dimensions. Experiments confirm OmniHuman boosts performance with min-
imal data, while our benchmark aligns with human judgment.
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