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Presenter Notes
Presentation Notes
Thank you. It's a pleasure to be here. I'm going to talk about a recent project from our group together with Tsinghua and Shengshu Technology, called Omni2Sound. The headline is simple: we built a single foundation model that handles video-to-audio, text-to-audio, and video-plus-text-to-audio in one architecture, and it outperforms specialized expert models on every task. The work has been accepted at CVPR 2026 as a Highlight. The take-home message I'd like you to leave with is that the bottleneck for unified audio generation is not architectural — it is data alignment and training dynamics.
�
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What & Why —— Audio Generation

Definition

Synthesizing non-speech audio (e.g. event-synchronized action audio, sound effects, background music)

Application

Audiobook Movie Product World Model
= Scene-aware soundscapes that Generative Foley, post-production @ Diegetic, reactive audio for
follow the story sound effects immersive environments

Generative audio 1is increasingly replacing handcrafted Foley, becoming a practical, Llow-cost boost to immersion.
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Let me set the stage. By "audio generation" I specifically mean the synthesis of non-speech audio — sound effects, background music, and the kind of event-synchronized soundscapes you would otherwise build by hand in post-production. This is a corner of generative modeling that has moved very quickly in the last two years, largely on the back of diffusion-based methods, and the downstream demand has caught up just as fast. Three application areas are pulling on it right now. The first is audiobooks and long-form narration, where you want soundscapes that follow the scene, not just the sentence. The second is film and video — generative Foley and sound design, replacing pipelines that traditionally required days of skilled labor. And the third, which we find the most exciting going forward, is interactive virtual worlds and world models, where audio has to be diegetic and reactive to both what the scene shows and what the user is doing. Across all three, generative audio is starting to replace handcrafted Foley, and this is what is driving the technical roadmap on the next slide.



Technical evolution —T2A > V2A > VT2A

From unimodal to multimodal conditional control

2018

> A v Strong semantics
v High-Quality
X No temporal control

e.g. Tango, AudioLDM, AudioGen, Make-An-Audio

Hpl — — A v Tight temporal sync
X Weak reasoning
e.g. Diff-Foley, SpecVQGAN, FoleyGen, V2A-Mapper X hard to control; variable quality
==
— __, SN YO v Best of both
L X Fragile to missing modality

e.g. HunyuanVideo-Foley, ThinkSound, ReasonAudio
Now
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 If there is one trend that captures the technical roadmap of audio generation, it is this: conditional control has been moving from unimodal to multimodal. And it has gone through three generations in step with the applications I just described. The first wave is text-to-audio. T2A offers strong semantic fidelity and generalization — you describe what you want, you get something that matches the description — but it lacks dense temporal control, so it cannot reliably align with a moving picture. The second wave is video-to-audio. V2A learns priors directly from video, so it gives you fine-grained temporal synchronization, but it has three weaknesses: it is weak at reasoning in complex scenes, it gives the user almost no handle to steer the output — there is no text knob to say "I want this kind of sound, not that kind" — and the resulting audio quality is often inconsistent. The current wave is video-text-to-audio. By jointly conditioning on both video and text, VT2A in principle gets the best of both — strong semantic understanding *and* tight temporal alignment. But it has its own price: it requires both modalities present at inference time, and most VT2A systems degrade sharply when one of them is missing. So each generation captures part of the picture but loses something else.
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Technical evolution — Specialist to Generalist

From specialists toward a unified model

* Unified VT2A Model: One bacRbone, all three input regimes — flexible inputs, no hard-switching.

Specialist stack Unified model

e W """"”"T"‘W"‘

IO

\

— —> > 'Aﬁ A
LY e.g. MMAudio, AudioX
O Separate T2A - V2A - VT2A models O Single diffusion backbone
O Redundant architectures 0 Modality-flexible inputs (T/V / V+T)

0 Hard-switching at deployment O Aligned with the broader AIGC shift
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If you take the previous slide at face value, the lazy answer is to just deploy all three specialist models and route each request to the right one. In practice that is not viable. You are paying for three architectures, three training pipelines, and three deployment stacks. And — more importantly — the moment your runtime input does not match the model you routed to, the system breaks. A real downstream user does not always have both video and text; sometimes they have only one. So the field has been migrating toward a single unified model that natively supports all three input regimes, with one set of weights. Early steps in this direction include MMAudio, which brought in optional text on top of V2A, and AudioX, which broadened the modality combinations. This move aligns with the broader AIGC shift toward foundation models that flexibly accept many input modalities. But naive unification runs into a key obstacle, and that is the topic of the next part of the talk.



Two fundamental challenges in Unified VT2A Model
» Data: Lack of high-quality V-A-T alighed audio captions

Audio captioning is a long-standing hard problem — far harder than image captioning
* Audio events are inherently ambiguous
* Non-intuitive to describe in language

> Pipeline ®: Audio-only captioning (ALM) » Pipeline @: Audio + Video captioning (MLLM)

« ALM hallucination + Audio ambiguity: « MLLMs carry strong visual bias cause
distant fireworks = tennis hits; car engine = electric drill vision-induced hallucination
 Severe semantic conflict between audio « Silent objects captioned as sound-emitting;
caption and video « Off-screen sources dropped

Hallucinations y [ “A man speaks then J

® =
Semantic Conflict “Fireworks are going off n H P H
E < > in the distance.” w a woman responds.”
NV \

o) "
® ® "Thank you! ® ©

* *
& Describe the audio event G ~ Asor A' A ! Describe the audio event @q ~ P

.Y i )
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Naive unification fails on two structural fronts. The first lives in the data — and to see why, it helps to first acknowledge that audio captioning itself is a long-standing hard problem in our community. Compared to image captioning, audio captioning is much harder: audio events are inherently ambiguous, and many sounds simply do not have a clean linguistic label the way visual objects do. Because of this, the field has historically tried two main pipelines for V-A-T captioning, and both of them fail to deliver clean supervision. The first pipeline uses an audio language model — the captioner only listens to the audio. Because audio is intrinsically ambiguous — distant fireworks and a tennis hit have nearly identical spectral signatures, a car engine and an electric drill are easy to confuse — a large fraction of these audio-only captions end up contradicting what the video actually shows. The second pipeline tries to fix this by giving the captioner both the video and the audio, using a multimodal LLM such as Gemini. But this introduces the opposite failure mode: multimodal LLMs carry a strong visual bias and hallucinate. Show them a silent instrument or a person merely standing near a sound source, and they will confidently caption sound that the audio never contained; meanwhile, off-screen sources — where the visual gives no cue — get silently dropped. So whichever pipeline you pick, the resulting V-A-T triples carry severe semantic conflict between conditions and target, and any model trained on them inherits a hard ceiling on cross-modal alignment, especially under VT2A training.
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Two fundamental challenges in Unified VT2A Model

» Training: Cross-task & intra-task competition under joint training

» Cross-task competition » Intra-task modality bias (inside VT2A)

* Severe V2A © T2A adverse trade-off under jointtraining = text-bias > poor A-V synchronization

* Azero-sum dynamic rooted in text/video heterogeneity = video-bias = low text faithfulness in off-screen scenes

= — Aw SV FIVEY FYVN
Cross-task / T

Competition \
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Without explicit scheduling, multi-objective optimization collapses one task to favor another.
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The second challenge is in optimization itself. Even with perfectly aligned data, putting these tasks under one objective still causes interference, and we observe two distinct patterns. The first is cross-task competition — a severe V2A versus T2A adverse trade-off. Prioritizing one task during joint training consistently degrades the other; this is a zero-sum dynamic rooted in the heterogeneity between text and video modalities. The second, which is more subtle, is intra-task modality bias inside VT2A: the model finds it easier to over-rely on whichever modality dominates its loss signal. If it leans on text, temporal synchronization with the video collapses. If it leans on video, it confidently fabricates sound for off-screen scenes. Both are degenerate solutions to the joint loss, and both are visible in the baselines we compare against. These two challenges — data and competition — are what the rest of the talk is about.



SoundAtlas: 470K high-quality V-A-T alighed captions
* An agentic data-construction pipeline that mitigates visual bias and halves annotation cost.

» Vision-to-Language Compression
* Qwen-2.5-VL distills video into compact text context

* Captioning MLLM no longer sees raw frames > mitigates visual bias

1. Data Collection and Routing 2.Vision-to-Language Compression 4. Post-hoc Filtering & Verification
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Now that you've seen the model itself, let me walk through the three engineering pillars that make this vanilla DiT competitive. The first pillar is data. Our goal was to construct a large-scale V-A-T aligned caption corpus that is faithful to the audio without inheriting visual hallucinations. The agentic pipeline integrates three components. First, vision-to-language compression: we do not feed raw frames to the captioning MLLM; instead, Qwen-2.5-VL compresses the video into a compact textual context. This mitigates the visual bias of MLLMs and brings token cost under control. Second, a junior–senior agent handoff: most samples are captioned by a fast Junior model, and we escalate to a stronger Senior model only when complexity heuristics, hallucination-phrase detectors, or a differentiated CLAP threshold flag the sample, which gives us a 5× cost reduction. Third, post-hoc hallucination filtering, which acts as a final fidelity guard that removes residual mismatches. The result is a 470K-sample dataset whose caption quality, measured by Mean Win Rate for Semantic and Temporal alignment, exceeds even human-expert annotations on the AudioCaps overlap, under both MLLM-as-judge and human verification.


SoundAtlas: 470K high-quality V-A-T alighed captions
* An agentic data-construction pipeline that mitigates visual bias and halves annotation cost.

» Junior-Senior Agent Handoff > 5% Cost Reduction

* Junior (Gemini 2.5 Flash) handles common cases

* Flagged samples (complexity + hallucination triggers + CLAP check) > Senior (Gemini 2.5 Pro)

1. Data Collection and Routing 2.Vision-to-Language Compression 4. Post-hoc Filtering & Verification
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Now that you've seen the model itself, let me walk through the three engineering pillars that make this vanilla DiT competitive. The first pillar is data. Our goal was to construct a large-scale V-A-T aligned caption corpus that is faithful to the audio without inheriting visual hallucinations. The agentic pipeline integrates three components. First, vision-to-language compression: we do not feed raw frames to the captioning MLLM; instead, Qwen-2.5-VL compresses the video into a compact textual context. This mitigates the visual bias of MLLMs and brings token cost under control. Second, a junior–senior agent handoff: most samples are captioned by a fast Junior model, and we escalate to a stronger Senior model only when complexity heuristics, hallucination-phrase detectors, or a differentiated CLAP threshold flag the sample, which gives us a 5× cost reduction. Third, post-hoc hallucination filtering, which acts as a final fidelity guard that removes residual mismatches. The result is a 470K-sample dataset whose caption quality, measured by Mean Win Rate for Semantic and Temporal alignment, exceeds even human-expert annotations on the AudioCaps overlap, under both MLLM-as-judge and human verification.


SoundAtlas: 470K high-quality V-A-T alighed captions

* An agentic data-construction pipeline that mitigates visual bias and halves annotation cost.

» Post-hoc Hallucination Filtering

* Finalfidelity guard that removes residual mismatches - tight V-A-T alignment.
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Now that you've seen the model itself, let me walk through the three engineering pillars that make this vanilla DiT competitive. The first pillar is data. Our goal was to construct a large-scale V-A-T aligned caption corpus that is faithful to the audio without inheriting visual hallucinations. The agentic pipeline integrates three components. First, vision-to-language compression: we do not feed raw frames to the captioning MLLM; instead, Qwen-2.5-VL compresses the video into a compact textual context. This mitigates the visual bias of MLLMs and brings token cost under control. Second, a junior–senior agent handoff: most samples are captioned by a fast Junior model, and we escalate to a stronger Senior model only when complexity heuristics, hallucination-phrase detectors, or a differentiated CLAP threshold flag the sample, which gives us a 5× cost reduction. Third, post-hoc hallucination filtering, which acts as a final fidelity guard that removes residual mismatches. The result is a 470K-sample dataset whose caption quality, measured by Mean Win Rate for Semantic and Temporal alignment, exceeds even human-expert annotations on the AudioCaps overlap, under both MLLM-as-judge and human verification.


SoundAtlas: 470K high-quality V-A-T alighed captions

> Headline result:

SoundAtlas quality > AudioCaps human-expert annotations

on Mean Win Rate for Semantic alignment (MWR-S) and Temporal alignment (MWR-T)

Audiocaps (Human
Expert)

AudioSetCaps
Sound-VECaps

Auto-ACD

. SoundAtlas (Ours)

Audiocaps (Human
Expert)

AudioSetCaps
Sound-VECaps

Auto-ACD

. SoundAtlas (Ours)

A crowd cheering with a bell sounding in the middle

Amidst a bustling crowd, an experimental music score plays as a collective excitement builds. The air is filled
with rhythmic hand claps and cheers, signaling enthusiasm and appreciation.

A crowd applauds and cheers as the referee stands outside the cage, where two fighters prepare for combat,
surrounded by a sea of spectators.

The sound of a bell rings as a crowd talks in the background, indicating a lively atmosphere of people
clapping.

The excited roar of a crowd fills the arena, punctuated by a sharp, metallic ring of a bell, followed by

A motorcycle idles nearby, and then it revs and accelerates

An idling vehicle with a distinctive engine sound, reminiscent of a motorcycle, can be heard. The experimental
music in the background adds an intriguing layer to this audio clip.

A person is sitting on a motorcycle, revving its engine on a snowy surface, while the engine idles and then
roars to life, surrounded by a plain background with a few objects in the distance.

A motorcycle engine idles and then revs up, creating a loud and powerful sound in an outdoor setting.

A motorcycle idles with a low, rumbling engine before a metallic click is heard, followed by two loud,
powerful revs.









Training —— Three-stage progressive multi-task training

» Stage 1 — Large-scale T2A Pretraining
Text-conditioned pretraining establishes a strong audio prior

Later stages need only minimal high-quality T2A replay

» Stage 2 — Multi-task Interleaved Training

Cross-task

Competition Competition

v

Task-balanced sampling avoids in-batch gradient conflict

High-quality VT2A acts as a semantic bridge — converts zero-

sum cross-task competition into cooperative optimization

Intral-task

» Stage 3— Decoupled Robustness Training

Text Dropout: penalizes text bias > enhances A-V synchronization
Off-screen Synthesis: counteracts video bias >

ensures textual faithfulness in off-screen scenes
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The second pillar is the training schedule. We tried the obvious thing first — joint training from scratch — and saw exactly the cross-task and intra-task pathologies I described earlier. The fix, in retrospect, is simple: the failure modes occur at different points in optimization, so we address them in different stages. Stage 1 is large-scale T2A pretraining; this gives us a strong audio prior, after which a small T2A replay rate is enough to prevent catastrophic forgetting in later stages. Stage 2 is Multi-task Interleaved Training: we use task-balanced sampling so different tasks do not collide in the same batch, and we found something we did not initially expect — high-quality VT2A data acts as a semantic bridge. Because VT2A forces simultaneous alignment of vision, text, and audio, it pulls the heterogeneous visual and textual feature spaces toward a shared geometry, and what looks like zero-sum cross-task competition in stage 2 turns into cooperative optimization. Stage 3 is Decoupled Robustness Training: we apply Text Dropout — which penalizes text bias and thereby enhances A-V synchronization — together with Off-screen Synthesis, which counteracts video bias and ensures textual faithfulness in off-screen scenes. These two augmentations are applied only after the joint optimization has stabilized; introducing them earlier disrupts stage 2's co-adaptation. Reordering the stages degrades performance significantly, which we ablate in the paper.
�


Model — Omni2Sound Architecture

“Lessis more ™ a vanilla DiT with decoupled "What/ When" conditioning

» Semantic Branch ("What")
Flan-T5 text + CLIP visual features concatenated > cross-attention (the high-level context)
» Temporal Branch ("When")

Synchformer features > global AdaLN (the fine-grained sync signal)

s i
Unified

Video-Text-to-Audio

Global Semantic BranchJ Dense Temporal Branch J

(Cross-Attention) (AdaL.N)
- CL Synchformer % |
iLd: L4 L L

(Opt.) (Opt.)
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 let me show you the model itself, because that grounds everything. Omni2Sound is, deliberately, a vanilla Diffusion Transformer — no new attention variant, no task-specific expert. What is non-trivial is how the multimodal conditions enter the network. We use a decoupled conditioning design with two branches. The Semantic Branch carries the "what" — it concatenates Flan-T5 text embeddings with CLIP visual embeddings and injects them through cross-attention. The Temporal Branch carries the "when" — it uses Synchformer features for fine-grained audio-visual synchronization, injected as a global condition via adaptive layer normalization. Crucially, the same set of weights handles T2A, V2A, and VT2A; for unimodal tasks, the absent modality is simply omitted from the cross-attention context, no padding tokens involved. So how does this differ from prior unified models? Three pieces. MMAudio was the first to bring V2A and T2A together, but it is fundamentally V2A-centric; T-A pairs are used as augmentation rather than treated as a co-equal task. AudioX and AudioGen-Omni broadened the modality combinations, but at the cost of brute-force data scaling — AudioX uses over nine million samples — without proportional gains. UniFlow-Audio was the first to systematically study task competition, but only at the coarse Time-Aligned versus Non-Time-Aligned level; it does not study V2A versus T2A specifically, and it does not address VT2A at all. Omni2Sound treats V2A versus T2A as a fine-grained in-class competition, and makes VT2A a first-class objective. The architecture is standard; the real work is upstream, which the next three slides walk through.


Benchmark—— VGGSound-Omni

The first comprehensive benchmark for unified VT2A, V2A, and T2A

» Standard tracks
* T2A -V2A -VT2A
» Robustness tracks (new)
* Off-screen track — VGGSound clips with low A-V correspondence

(filtered by IB-Score & Desync-Score) + synthetic-music subset from MusicCaps
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Speaker notes**
> The third pillar is evaluation. While building this work, we found that the existing benchmarks could not actually distinguish the failure modes we cared about. The original VGGSound provides only sparse event-level labels, which cannot test instruction following or fine-grained alignment. So we built VGGSound-Omni, the first comprehensive, human-verified benchmark for unified VT2A, V2A, and T2A evaluation. It has the three standard tracks, plus two robustness tracks that explicitly target the regimes where unified models break. The off-screen track filters VGGSound for low audio-visual correspondence using IB-Score and Desync-Score, and adds a synthetic music subset built by mixing MusicCaps clips. The incomplete-text track tests degraded or partial text. We believe this is closer to how these models will actually be used downstream, and we hope the community adopts it.


Experiments

Single checkpoint, evaluated on all three tasks. Omni2Sound surpasses both unified and specialist baselines

> Performance on VT2A & V2A & T2A

* Leads ondistribution matching & Semantic alighment & Temporal alighment

Table 3. Comparison on VGGSound-Omni benchmark: Omni2Sound against SOTA models on T2A, V2A, and VT2A tasks. The
w/ Video-LLaMA caps row evaluates Omni2Sound’s generalization to unseen captions generated by Video-LLaMA [37].

Task Method Distribution Matching Audio Quality Modality Alignment
KL| FD| FAD| FDp,ssTl PQT IST DS| IBt MS-CLAPT

AudioX [14] 1.68 9.04 1.42 109.94 6.37 15.15 - - 0.49

T2A MMAudio [13] 1.92 8.62 1.63 101.66 5.84 14.30 - - 0.50
Omni2Sound (ours) 1.53 4.61 1.01 60.38 6.52 16.41 - - 0.53

w/ Video-LLaMA caps 1.60 6.92 1.23 83.91 6.38 16.01 - - 0.51

V-AURA [38] 2.28 16.43 2.34 245.25 5.74 10.82 0.69 0.28 0.32

Frieren [0] 2.73 12.13 1.23 123.75 5.82 11.32 0.86 0.21 0.31

V2A AudioX [14] 2.96 12.73 1.42 121.82 6.17 13.34 1.22 0.24 0.34
MMAudio [13] 2.11 5.65 0.81 69.33 5.72 11.85 0.48 0.28 0.43
Omni2Sound (ours) 2.04 341 0.51 50.19 6.15 16.18 0.47 0.35 0.44
ThinkSound (w/o. CoT) [12] 1.60 741 1.10 116.08 6.21 11.73 0.53 0.26 0.43
HunyuanVideo-Foley [ 11] 1.74 10.02 2.36 100.53 6.18 11.58 0.57 0.32 0.45

VI2A AudioX [14] 1.59 8.29 1.24 103.37 6.17 14.94 1.23 0.26 0.49
MMAudio [13] 1.63 5.28 0.91 68.44 5.84 13.44 0.49 0.29 0.49
Omni2Sound (ours) 1.35 295 0.53 48.20 6.21 15.79 0.49 0.34 0.52

w/ Video-LLaMA caps 1.56 3.37 0.66 53.73 6.11 15.74 0.50 0.34 0.49
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Here are the headline numbers. The same Omni2Sound checkpoint is evaluated on T2A, V2A, and VT2A. On VGGSound-Omni it leads on distribution-matching metrics, semantic alignment, and temporal alignment, against both unified baselines like AudioX and MMAudio and specialist baselines tailored to single tasks. Importantly, our subjective listening study agrees with the objective metrics — humans prefer Omni2Sound across all three tasks. We also evaluate on Kling-Audio-Eval, which is sourced from professional video and is out-of-domain for our YouTube-centric training data, and the model remains highly competitive there as well. We trail HunyuanVideo-Foley on a few sub-metrics on Kling, which we attribute to its 100K-hour training corpus versus our 2K hours.
�


®
Experiments

Single checkpoint, evaluated on all three tasks. Omni2Sound surpasses both unified and specialist baselines

» Robustness & Generalization
 Holds on low-quality text input (Video-LLaMa)

 Holds on Kling-Audio-Eval (out-of-domain, professional video)

Table 4. Comparison on the Kling-Audio-Eval: Omni2Sound against SOTA models on T2A, V2A, and VT2A tasks.

Task Method Distribution Matching Audio Quality Modality Alignment
KL| FD| FAD| FDp,ssTl PQT IST DS| IBt LA-CLAPT
AudioX [14] 2.73 19.43 332 171.60 5.98 12.15 - - 0.28
T2A MMAudio [13] 2.54 11.25 5.07 142.71 5.54 9.28 - - 0.28
Omni2Sound (ours) 2.36 11.59 2.62 147.46 6.26 11.27 - - 0.28
AudioX [14] 3.13 18.90 4.01 205.48 5.87 8.31 1.20 0.23 0.13
V2A MMAudio [13] 2.94 13.41 3.87 159.30 5.50 7.59 0.62 0.24 0.14
Omni2Sound (ours) 247 8.78 2.55 112.21 5.78 8.56 0.57 0.34 0.18
ThinkSound (w/o. CoT) [12] 2.53 11.99 3.52 206.93 5.77 6.09 0.66 0.22 0.19
HunyuanVideo-Foley [11] 2.13 8.06 3.58 94.64 6.04 8.17 0.55 0.34 0.23
VT2A AudioX [14] 2.39 14.26 3.16 149.37 597 10.23 1.21 0.23 0.26
MMAudio [13] 241 10.12 4.90 129.21 5.53 7.46 0.59 0.25 0.20

Omni2Sound (ours) 2.10 7.60 2.37 106.55 5.98 8.22 0.58 0.32 0.26
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The second results slide is about robustness, which is the regime we care about most because it is where the generalist dilemma actually hurts downstream applications. The first case is off-screen audio: the source of the sound is not visible in the frame, but it is described in the text. Most prior unified models default to whatever the frame shows and ignore the text. Omni2Sound stays faithful to the textual instruction. The second case is degraded or incomplete text: prior models often produce generic audio or lose the scene; Omni2Sound falls back to visual cues coherently. These two behaviors together are what we mean when we say the dilemma is broken — not just better aggregate numbers on clean inputs, but graceful behavior under realistic asymmetry.


Three observations worth highlighting

» VT2A as a semantic bridge

* High-quality VT2A data converts cross-task competition into co-adaptation
» Caption quality > caption quantity

* Small clean SoundAtlas data outperforms large noisy automated data
» Text dropout helps temporal sync

* Masking text forces the model to attend to visual rhythm
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A few observations from the ablations that we find more interesting than the SOTA number itself. First, high-quality VT2A data does not just help VT2A; it acts as a semantic bridge that resolves the T2A–V2A competition we showed earlier. Second, text dropout — which is meant as a robustness augmentation — actually improves temporal synchronization, because masking text forces the model to attend more to visual rhythm. And third, on caption corpora, quality dominates quantity: a small clean SoundAtlas sample is worth far more than a large noisy automated set. These are the kinds of findings we hope the community will build on. To close: the reason we built Omni2Sound the way we did is that we believe the field's instinct — to add architectural complexity whenever a unified model underperforms — is misdiagnosing the problem. Once you fix the alignment supervision and stage the optimization correctly, a vanilla DiT is enough. We think this principle generalizes well beyond audio, and we hope it becomes a useful reference point as the broader multimodal generative community moves toward genuinely unified models.



.

What we want this work to argue

» The barrier to unified audio generation is alignment supervision and training dynamics, not architecture.

» Data + curriculum can make a vanilla DiT outperform specialized expert designs.

Less is More — Data & Strategy is all you need.


Presenter Notes
Presentation Notes
To close: the reason we built Omni2Sound the way we did is that we believe the field's instinct — to add architectural complexity whenever a unified model underperforms — is misdiagnosing the problem. Once you fix the alignment supervision and stage the optimization correctly, a vanilla DiT is enough. We think this principle generalizes well beyond audio, and we hope it becomes a useful reference point as the broader multimodal generative community moves toward genuinely unified models.



Demos

VT2A - T2A - V2A - Off-screen Task

No task-specific finetuning. No per-sample tuning.
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Numbers only get you so far with audio, so let me actually play what the model produces. Everything you are about to hear is from the same Omni2Sound checkpoint we just discussed — no per-task heads, no per-sample tuning. Pay attention especially to the off-screen segment near the end: the source of the sound is not visible in the frame, and that is exactly the regime where most prior unified models collapse into visually-plausible nonsense. With this sample in mind, the robustness numbers from the previous slide should land more concretely.





Summarize Highlights

—— A Unified VTA Toolkit with Model, Caption, Benchmark and Code

* & Omni2Sound — A Unified Audio Generation Foundation Model, supporting
flexible input modalities with VT2A and V2A and T2A task in one model.

. SoundAtlas — The first large-scale, high-quality V-A-T alighed audio
captions, surpassing even human-expert annotation quality

* «+ VGGSound-Omni— A unified VTA evaluation benchmark with a challenging
track specifically for off-screen audio and background music generation.

*+ Open-source friendly — A multimodal extension of stable-audio-tools,
a good choice if you are searching for a multimodal audio generation codebase.



https://huggingface.co/Dalision/Omni2Sound
https://huggingface.co/datasets/Dalision/Omni2Sound_Benchmark
https://huggingface.co/datasets/Dalision/Omni2Sound_Benchmark
https://huggingface.co/datasets/Dalision/Omni2Sound_Benchmark
https://huggingface.co/datasets/Dalision/Omni2Sound_Benchmark
https://github.com/Stability-AI/stable-audio-tools
https://github.com/Stability-AI/stable-audio-tools
https://github.com/Stability-AI/stable-audio-tools
https://github.com/Stability-AI/stable-audio-tools
https://github.com/Stability-AI/stable-audio-tools

Everything is open source

» Paper — https://arxiv.org/pdf/2601.02731
» Project — https://omni2sound.github.io
» Code — https://github.com/omni2sound/Omni2Sound

» Models & Benchmark — https://huggingface.co/Dalision

arXiv 2601.02731 | © Project Page | ** [Demo
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Presentation Notes
The paper, the code, the model checkpoints, and the benchmark are all released. The QR codes here will take you to each of them. I'd like to thank our collaborators at Tsinghua and Shengshu, and the students who carried most of the work — in particular Yusheng Dai at Monash and Zehua Chen at Tsinghua. With that, I'm happy to take questions.
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