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Abstract

Cinematic Audio Source Separation (CASS) aims to de-001

compose mixed film audio into speech, music, and sound002

effects, enabling applications like dubbing and remaster-003

ing. Existing CASS approaches are audio-only, overlook-004

ing the inherent audio-visual nature of films, where sounds005

often align with visual cues. We present the first frame-006

work for audio-visual CASS (AV-CASS), leveraging visual007

context to enhance separation quality. Our method formu-008

lates CASS as a conditional generative modeling problem009

using conditional flow matching, enabling multimodal au-010

dio source separation. To address the lack of cinematic011

datasets with isolated sound tracks, we introduce a train-012

ing data synthesis pipeline that pairs in-the-wild audio and013

video streams (e.g., facial videos for speech, scene videos014

for effects) and design a dedicated visual encoder for this015

dual-stream setup. Trained entirely on synthetic data, our016

model generalizes effectively to real-world cinematic con-017

tent and achieves strong performance on synthetic, real-018

world, and audio-only CASS benchmarks.019

1. Introduction020

Cinematic audio is composed of layered sound elements021

such as speech, music, and sound effects, which collectively022

enrich storytelling and immersion. The goal of Cinematic023

Audio Source Separation (CASS) is to separate a mixed024

movie audio into these three distinct tracks (Fig. 1). CASS025

enables a wide range of applications, including multilingual026

dubbing, film remastering, audio editing, and accessibility027

enhancement. As video streaming platforms continue to028

grow, the need for CASS becomes increasingly important029

to enable automatic tools that precisely control individual030

sound components.031

While related audio separation tasks, such as speech sep-032

aration [8, 24, 62] and music demixing [14, 15, 44, 52],033

have seen significant progress, CASS remains underex-034

plored. The introduction of the Divide and Remaster (DnR)035

dataset [48] formalized CASS as a three-way separation036

problem and initiated new research [57, 59, 60]. How-037
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Figure 1. Illustration of the Cinematic Audio Source Separa-
tion (CASS) task. The audio stream from a movie is separated
into distinct tracks: speech, sound effects, and music.

ever, existing methods are purely audio-based and overlook 038

a defining characteristic of film: its inherently audio-visual 039

nature. 040

In cinematic content, sound is often tightly coupled 041

with visual events. Speech typically co-occurs with lip 042

movements, and sound effects frequently align with ob- 043

ject interactions or visual actions. Prior work in audio- 044

visual learning has shown that using visual context, such 045

as facial motion, body movement, and scene composi- 046

tion, significantly improves audio separation and enhance- 047

ment [1, 7, 16, 20, 21, 55]. Yet, to our knowledge, visual 048

information has not been utilized in the context of CASS. 049

The primary motivation of this paper is to achieve cine- 050

matic audio source separation using visual cues. Accord- 051

ingly, we first formulate CASS as a conditional genera- 052

tive modeling problem. We adopt conditional flow match- 053

ing [39] as our generative framework, which has demon- 054

strated strong performance in both image [17, 27] and au- 055

dio [22, 31, 35, 58] generation tasks. Our model generates 056

clean speech, sound effects, and music tracks from the mix- 057

ture, conditioned on both audio and visual inputs. 058

Second, despite the strong potential of visual cues, ap- 059

plying them to CASS remains challenging. A key obstacle 060

is the lack of publicly available audio-visual datasets with 061

clean source tracks, which are difficult – if not impossible – 062

to obtain from real films. This raises an important question: 063

Can we leverage individually available in-the-wild audio- 064

visual data to train an effective audio-visual CASS model? 065

To address this, we propose a novel training data synthesis 066
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strategy. In the absence of paired datasets such as films and067

their clean sound source tracks, we construct a pipeline that068

synthetically pairs individually available audio and video069

sources, e.g., using facial videos for speech and scene video070

clips for sound effects. This results in a dual-stream video071

setup that provides controllable, source-specific visual su-072

pervision, for which we also design a visual feature extrac-073

tor to leverage this setup. Importantly, although our model074

is trained using this synthetic dual-video configuration, we075

demonstrate that it generalizes effectively to real-world cin-076

ematic content without architectural changes, highlighting077

the practicality and robustness of our training approach.078

In summary, our contributions are:079

• We introduce the first framework for audio-visual cine-080

matic audio source separation (AV-CASS), incorporating081

visual cues to separate speech, sound effects, and music082

in film audio.083

• We formulate CASS as a generative task using condi-084

tional flow matching, enabling flexible and principled085

modeling of multimodal audio decomposition.086

• We propose a training data synthesis strategy, along with087

a dedicated visual encoder, to enable training without the088

need for original source-separated film data.089

• We achieve strong performance on synthetic data, real-090

world cinematic examples, and standard audio-only091

CASS benchmarks.092

2. Related Work093

2.1. Cinematic Audio Source Separation094

Cinematic Audio Source Separation (CASS) was formal-095

ized by [48, 49], introducing the Divide and Remaster096

(DnR) dataset for the separation of speech, sound effects,097

and music in film audio. BandIt [59] applied Band-split098

RNNs [42] to this task, achieving improved performance099

over earlier methods. More recently, DnRv3 [60] ex-100

panded the dataset with multilingual content and introduced101

mixing strategies aligned with industrial audio production102

pipelines. DnR-nonverbal [23] further expands the dataset103

by incorporating nonverbal sounds, such as laughter and104

screams. While these efforts have advanced audio-based105

CASS, they remain limited to audio-only learning. To our106

knowledge, no prior work has explored audio-visual ap-107

proaches for CASS, despite the inherently multimodal na-108

ture of cinematic content. This gap largely stems from109

the difficulty of acquiring datasets with both isolated audio110

tracks and temporally aligned video. In contrast, we pro-111

pose the first audio-visual CASS framework and introduce a112

training data synthesis pipeline that constructs audio-visual113

training samples from in-the-wild video sources, without re-114

quiring ground-truth source audio with film datasets. Our115

approach enables effective audio-visual learning and gener-116

alizes well to real-world cinematic content.117

2.2. Audio-Visual Source Separation 118

Incorporating visual information has proven highly effec- 119

tive in sound source separation tasks. Prior work has shown 120

that visual cues such as lip movements align strongly with 121

spoken content [10, 43], while facial features provide cross- 122

modal biometric information that enhances speech separa- 123

tion [1, 3, 12, 16, 46, 47]. Beyond speech, visual informa- 124

tion from instrument motion or class-level appearance cues 125

has also been leveraged to improve music separation [5, 18, 126

19, 66]. More generally, recent works have demonstrated 127

that visual context benefits generic sound separation across 128

a wide range of categories [7, 9, 21, 28, 29, 54–56, 63]. De- 129

spite these advances, applying audio-visual learning to the 130

complex, multi-source nature of cinematic audio remains 131

largely unexplored. In this work, we introduce audio-visual 132

learning to Cinematic Audio Source Separation (CASS) for 133

the first time. Unlike prior AVSS approaches that condition 134

on a single visual cue (e.g., facial motion [10, 43] or ob- 135

ject appearance [21, 29, 55]), our framework integrates two 136

complementary visual streams, facial and scene context, de- 137

rived from the same video, enabling individual-source train- 138

ing while remaining applicable to real-world single-video 139

inputs. 140

2.3. Flow Matching Models 141

Flow matching [17, 39] has recently gained attention as 142

an efficient alternative to diffusion models, offering faster 143

inference by following shorter and more direct generation 144

trajectories. Recent works have applied flow matching to 145

audio synthesis, separation, and enhancement [22, 29, 31, 146

35, 45, 58, 64], demonstrating its potential to produce high- 147

quality, natural-sounding outputs. Previous non-generative, 148

masking-based separation models often introduce artifacts 149

(e.g., spectral holes) as noted in [64], rendering the out- 150

put unsuitable for downstream tasks like audio editing. We 151

therefore adopt a generative flow-matching model for the 152

CASS task, which effectively resolves this issue. To our 153

knowledge, this is the first visually conditioned generative 154

flow-matching approach to CASS, designed to yield percep- 155

tually natural and artifact-free separated audio suitable for 156

cinematic production. 157

3. Methodology 158

We propose a framework for audio-visual cinematic audio 159

source separation (AV-CASS). As shown in Fig. 2, it con- 160

sists of a Vision Extractor that generates a fused repre- 161

sentation cV from input videos to condition the separation 162

model. Next, a flow-based generative model performs 163

source separation by mapping Gaussian noise to three dis- 164

tinct audio components: speech, sound effects, and mu- 165

sic. Finally, to enable training without source-separated film 166

data, we introduce a training data synthesis pipeline that 167
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Figure 2. Architecture of AV-CASS. The fusion module integrates visual features from the facial and scene encoders into cV , which
serves as a conditioning input along with a mixture audio sA for the vector field estimator uω .

leverages individually available in-the-wild audio and video168

sources.169

3.1. Problem Setup170

Given a cinematic audio mixture a composed of three ad-171

ditive sources, speech aDX , sound effects aFX , and mu-172

sic aMX , the goal of CASS is to recover each source track173

from the mixture: a = aDX + aFX + aMX . We formu-174

late this task as a conditional generation problem, where the175

model is conditioned not only on the mixture audio but also176

on visual input v from the corresponding video. The video177

input contains two components: facial frames vf and scene178

frames vs, which provide complementary cues for speech179

and sound effects, respectively.180

3.2. Input Data for Training181

To enable training without the need for source-separated182

cinematic data, we synthesize a training data by combining183

individual video and audio segments from diverse sources.184

For each training sample, we: (1) select speech clips from185

an audio-visual speech dataset to create the speech track186

aDX and the corresponding video as face stream vf ; (2)187

select sound effect clips from an audio-visual sound dataset188

to create the sound effects track aFX and the correspond-189

ing video as scene stream vs; and (3) select background190

music clips from a music dataset to create the music track191

aMX . These source tracks are mixed to create the input192

mixture a, while the video consists of two parallel streams,193

v = {vf ,vs}: a face stream and a scene stream that repre-194

sent different semantic aspects of the sound. This strategy195

offers a diverse, controllable, and scalable source of train-196

ing pairs with ground-truth supervision for all components.197

Details of the training data synthesis process are provided in198

Sec. 4. All audio waveforms are converted into their corre-199

sponding spectrograms where sA denotes the mixture spec-200

trogram, while sDX , sFX , and sMX represent the individ- 201

ual source spectrograms. The video streams vf and vs are 202

represented as sequences of frames. 203

3.3. AV-CASS Model 204

Our audio-visual cinematic source separation model (AV- 205

CASS) consists of two main components: (1) visual feature 206

extraction and fusion, and (2) conditional flow matching for 207

source generation. 208

3.3.1. Visual Feature Encoding and Fusion 209

We extract visual features from two video streams: fa- 210

cial frames vf and scene frames vs, using separate en- 211

coders suited to their semantic roles. The facial encoder, 212

adopted from AVDiffuSS [37], is designed for lip-synced 213

speech videos. The scene encoder, based on the CAVP 214

model [41], captures temporally and semantically aligned 215

features of sounding objects and events. Both encoders are 216

frozen during training. The outputs are feature sequences 217

ff → RTf→Df and fs → RTs→Ds , where Tf and Ts denote 218

the number of frames, and Df , Ds are feature dimensions. 219

To fuse the representations, we project each stream into a 220

shared feature space of dimension C using separate MLPs: 221

ff ↑ RTf→C , fs ↑ RTs→C . (1) 222

The resulting features are concatenated along the temporal 223

axis and passed through a final fusion MLP to obtain the 224

visual condition vector: 225

cV → R(Tf+Ts)→C→
. (2) 226

This visual condition is used to guide the audio generation 227

process via cross-attention in the U-Net backbone. 228

3.3.2. Flow Matching for Multisource Separation 229

We adopt conditional flow matching [39] to model the con- 230

ditional joint distribution of source spectrograms p1(x) := 231
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p(sDX , sFX , sMX) given the mixture spectrograms sA232

and visual conditioning vector cV . Conditional flow match-233

ing defines a conditional mapping between the Gaussian234

noise distribution x0 ↓ N (0, I), and the target joint distri-235

bution of source spectrograms x1 ↓ p1(x). This mapping236

defines a time-varying probability density governed by an237

ordinary differential equation:238

dxt = uω(xt, t|c)dt, (3)239

where uω is a vector field estimator representing the gradi-240

ent of the probability density w.r.t. time t at point xt; xt241

is a point in the probability density space at time t; and c242

is conditioning variable includes mixture audio sA and its243

visual context cV .244

To construct this mapping, we train uω to approximate245

a reference vector field ut, which constructs a probabilis-246

tic path between the noise distribution p0(x) and the target247

distribution p1(x), conditioned on c. The vector field for248

a noise-data pair (x0,x1) is defined as ut = x1 ↔ x0. In249

[39], given a target distribution sample x1, the data point xt250

for timestep t on the path is defined as:251

xt = (1↔ t)x0 + tx1, (4)252

where x0 ↓ N (0, I) and t → [0, 1]. In practice, uω is253

trained to approximate ut by minimizing the following loss:254

L = Et,ε1(x1),ε0(x0)↗uω(xt, t|c)↔ (x1 ↔ x0)↗22. (5)255

Inspired by [17], we sample the timestep t from a logit-256

normal distribution, as this has been shown to enhance gen-257

eration quality by placing more emphasis on the intermedi-258

ate timesteps during training. In practice, we first sample259

a random variable z from a standard Gaussian distribution260

z ↓ N (0, 1), then map it with a logistic function as follows:261

t =
1

1 + e↑z
, z ↓ N (0, 1). (6)262

For the vector field estimator uω, we adopt a CNN-based263

U-Net architecture and three sources are concatenated along264

the channel dimension to form the input, as commonly done265

in diffusion-based image generation models [26, 51].266

3.3.3. Inference267

At inference, the trained conditional flow matching model268

generates separated source spectrograms from a mixture269

audio and its associated visual context. As outlined ear-270

lier, our training setup uses two video streams for a single271

audio mixture. Although this differs from the real-world272

one-video-one-audio setting, our approach remains effec-273

tive for real-world cinematic content. Since different visual274

regions (e.g., faces, environments, background elements)275

correspond to distinct sound sources, as shown in Fig. 3, we276

…
Video Frames 𝒗

… Facial 
Encoder

𝒗𝑓

𝒗𝑠
Scene 

Encoder

Figure 3. Extraction of dual-stream visual inputs from a real-
world cinematic video during inference. Since no architectural
changes are required, the AV-CASS model can be used with real-
world cinematic videos for inference.

extract the facial regions as one stream for speech cues (pro- 277

cessed by the Facial Encoder) and the full scene frames as 278

another for sound effects (processed by the Scene Encoder). 279

This design enables our model to process real-world sam- 280

ples without architectural changes. The model takes as in- 281

put the mixture spectrogram sA and fused visual condition 282

cV and outputs the separated components: speech, sound 283

effects, and music. 284

To formulate inference under the conditional flow match- 285

ing framework, we follow the sampling procedure defined 286

in [39]. Specifically, we initialize the sample x0 as Gaus- 287

sian noise, x0 ↓ N (0, I), and iteratively update it along the 288

vector field predicted by vector field estimator uω, which is 289

conditioned on both the mixture audio and visual context. 290

We apply the forward Euler method to integrate the flow: 291

xt+ϑ = xt + ωuω(xt, t | sA, cV ), (7) 292

where ω = 1/N is the step size and N is the total number of 293

sampling steps. The time variable t progresses from 0 to 1, 294

and at each step, the vector field guides the sample closer to 295

the data distribution of clean source spectrograms. After N 296

steps, the final output x1 represents a concatenated output 297

of three spectrograms, each corresponding to a separated 298

source: {ŝDX , ŝFX , ŝMX}. These spectrograms are con- 299

verted back to the waveform domain using inverse STFT. 300

4. Training Data Construction Pipeline 301

Training an audio-visual CASS model requires synchro- 302

nized film video and isolated source audio tracks, which 303

are rarely available for real-world cinematic content. To 304

address this, we design a pipeline that synthetically pairs 305

independently sourced audio and video from existing 306

datasets to create realistic training pairs resembling cine- 307

matic data. This pipeline produces multimodal training data 308

that mimics cinematic audio-visual patterns while preserv- 309

ing ground-truth alignment across all audio stems and video 310

streams. 311

4.1. Individually Available Sources 312

We leverage two large-scale audio-visual datasets and one 313

music dataset, each corresponding to one of the three target 314

stems in CASS: 315
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Speech (DX): We use LRS3 [2], a lip-synchronized video316

dataset with high-quality speech that may reflect cinematic317

dialogue through natural prosody and visual expressiveness.318

Sound Effects (FX): For ambient, object or action-driven319

sounds, we use VGGSound [6], an audio-visual dataset320

containing everyday events and objects. Unlike prior321

works [48, 60] using audio-only FSD50K, VGGSound pro-322

vides aligned video for learning visually grounded effects.323

Music (MX): Since background music is typically not vi-324

sually grounded, we follow standard practice and use the325

FMA dataset [13], which contains a wide variety of high-326

quality music.327

4.2. Audio Preprocessing and Stream Synthesis328

To ensure each sample contains a single, uncontaminated329

source track, we filter VGGSound and FMA with the330

SMAD model [30], removing all segments containing331

speech and music. After filtering, we obtain a total of 152K332

DX clips, ↓ 62K FX clips, and ↓ 49K MX samples.333

Following the protocol in DnRv3 [60], we synthesize334

a cinematic audio by using the DX, FX, and MX tracks.335

For each track, we randomly sample short clips, concate-336

nate them with overlapping transitions, and apply loudness337

normalization to meet cinematic mastering standards. The338

resulting tracks are then mixed by addition:339

aA = aDX + aFX + aMX . (8)340

All audio is converted to mono and resampled at 16kHz.341

Statistics of the resulting training data are in Appendix C.342

4.3. Visual Stream Synthesis343

We extract the video clips corresponding to the DX and FX344

streams. Using the timestamps of each selected audio seg-345

ment, we retrieve the facial video aligned with DX (from346

LRS3) and the scene video aligned with FX (from VG-347

GSound). The MX stream has no associated visual input.348

Each training sample contains a mixed audio stream with349

ground-truth sources and two video streams, i.e., facial and350

scene, reflecting how speech and sound effects are visually351

grounded in real films. Although the dataset is synthetically352

constructed, it enables precise supervision for multimodal353

learning and aligns well with cinematic audio-visual con-354

ventions. As shown in the Sec. 5, our model trained on this355

data generalizes effectively to real-world movies, validating356

our training data pipeline.357

5. Experiments358

5.1. Experimental Setup359

Baselines. We compare our method with existing CASS360

models, including MRX [48] and BandIt [59], as well361

as musical instrument separation models such as Hybrid362

Demucs [14], HT Demucs [52], and MSDM [44]. Be- 363

yond audio-only baselines, we also include the audio-visual 364

sound separation model DAVIS-Flow [29] which is the cur- 365

rent state-of-the-art model for audio-visual sound separa- 366

tion, to assess the contribution of visual conditioning and 367

to highlight the fundamental differences between CASS 368

and generic audio-visual separation tasks. All models are 369

trained from scratch on the same dataset, using their orig- 370

inal training configurations and appropriately modified to 371

operate under the CASS setting for fair comparison. 372

Metrics. We use Fréchet Audio Distance (FAD) [32] and 373

Kullback-Leibler divergence (KL) from AudioLDM [40] 374

to measure distributional similarity between generated and 375

real audio. We also report Perceptual Evaluation of Speech 376

Quality (PESQ) [50] for speech and Scale-Invariant Signal- 377

to-Distortion Ratio improvement (SI-SDRi) [36] in dB, 378

following prior works [44, 48]. For FAD, KL, and SI- 379

SDRi, we report averages across all three sources. In ad- 380

dition, we introduce a new metric, Wrong Placement Ratio 381

(WPR), to estimate the proportion of residual or misplaced 382

components from other stems. WPR is computed using 383

PANNs [34], a pretrained sound event detection model, and 384

reflects stem-level separation quality without ground-truth 385

references; lower values indicate better isolation. Details 386

on metric calculations is in the Appendix E. 387

Training and Implementation Details. Before training 388

the full audio-visual model, we apply audio-denoiser warm- 389

up to stabilize optimization. Specifically, we first train the 390

model using only the audio component of the synthetic 391

audio-visual dataset described in Sec. 4. In practice, it im- 392

proves training stability, accelerates convergence, and pre- 393

vents the model from prematurely overfitting to visual cues 394

in the early stages of training. 395

After warm-up, we train the full audio-visual model on 396

the same synthetic dataset. Visual cues from both the fa- 397

cial and scene streams are introduced gradually using zero- 398

initialized convolution layers, following ControlNet [65] 399

strategy, while the video encoders remain frozen. This de- 400

sign preserves the stabilized audio representation while al- 401

lowing the model to gradually integrate visual information. 402

We use the Adam optimizer [33] with ε1 = 0.9, ε2 = 403

0.999, a fixed learning rate of 10↑4, and no weight decay. 404

Full audio-visual training runs for 600k steps with a batch 405

size of 8 across four RTX 4090 GPUs. We use 128 sampling 406

steps during evaluation. Additional implementation details 407

and pseudo code are provided in the Appendix A. 408

5.2. Main Results 409

5.2.1. Evaluation on real-world samples 410

Subjective evaluation. Generalization to real-world movie 411

samples is critical for CASS models. To evaluate our model, 412

we randomly select clips from the Condensed Movies 413

dataset [4], manually verifying that each contains all three 414
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Figure 4. Comparison of MRX, BandIt, and AV-CASS on a real-world movie sample. Input video frames vf and vs are shown at the
top, with the input audio spectrogram sA placed for each stem. Yellow boxes highlight the bicycle bell, red boxes indicate cheering, and
dotted boxes show elements misplaced in non-target stems. The dotted pink box in BandIt’s FX shows speech artifacts. Best viewed when
zoomed in. This sample can also be viewed in the supplementary video.

Method MRX [48] BandIt [59] AV-CASS (Ours)
MOS (↘) 2.55 ± 0.10 3.78 ± 0.10 4.13 ± 0.09

Table 1. MOS results of CASS models on real-world samples.
The scores are computed based on 95% confidence intervals.

target tracks. As this process requires extensive effort, we415

collected 30 samples. Since ground-truth separation data is416

unavailable, we conduct a subjective evaluation using mean417

opinion scores (MOS) through a human study, detailed in418

the Appendix D. Some of the movie samples used for MOS419

are available in the supplementary video. We strongly en-420

courage readers to view real-world samples there, along421

with comparisons to existing CASS methods. The numer-422

ical results are provided in Tab. 1. Participants compared423

and evaluated the separated outputs for each target stem us-424

ing two criteria: clarity of separation and completeness of425

target reconstruction. These criteria allows raters to evalu-426

ate both how well the model suppresses non-target sources427

and how fully it preserves the target source without loss of428

content or quality. Each separation was rated on a 5-point429

Likert scale, with 1 meaning “Poor” and 5 meaning “Excel-430

lent”. As shown in Tab. 1, our model receives higher scores,431

reflecting user preference and demonstrating the naturalness432

and sound quality of the outputs. Overall, this result indi-433

cates generalization to real-world movie clips.434

Objective evaluation. To assess AV-CASS on real-world435

movies, we report quantitative WPR across DX, FX, and436

MX stems. As shown in Tab. 2, our model achieves the437

lowest WPR for both DX and MX, and delivers competitive438

performance on FX, indicating strong separation fidelity439

for dialogue and music. While DAVIS-Flow [29] attains440

Method DX (≃) FX (≃) MX (≃)

MRX [48] 2.63 33.72 6.01
BandIt [59] 0.60 22.41 0.35
DAVIS-Flow [29] 5.88 14.58 35.94
AV-CASS (Ours) 0.46 19.81 0.32

Table 2. Wrong Placement Ratio (WPR [%]) on real-world
samples. Lower is better.

a lower WPR on FX, this is expected since it is specifically 441

designed for generic object-centric sound separation; how- 442

ever, it performs poorly on the other tracks. Overall, the re- 443

sults demonstrate that AV-CASS achieves robust cross-track 444

isolation in complex, in-the-wild cinematic audio, support- 445

ing the effectiveness of our formulation and synthetic train- 446

ing pipeline. 447

Qualitative result. We also provide a qualitative visual 448

analysis (Fig. 4) illustrating residual cross-track compo- 449

nents in existing methods, whereas our approach yields 450

cleaner separated tracks. Yellow boxes in vs and the spec- 451

trograms highlight the bicycle bell, and red boxes indicate 452

cheering. Dotted boxes show elements incorrectly placed 453

in non-target stems. Other methods retain these effects in 454

the speech track, while ours correctly assigns them to FX. 455

The dotted pink box in BandIt’s FX shows speech artifacts, 456

which AV-CASS avoids. This sample and more are shown 457

in supplementary videos. 458

5.2.2. Evaluation on AVDnR 459

While real-world movie audio offers valuable qualitative 460

insights, it does not provide clean ground-truth stems for 461

quantitative evaluation. To enable a more controlled and 462

comprehensive assessment, we construct a fully supervised 463
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Method A-V FAD (≃) KL (≃) SI-SDRi (↘) PESQ (↘) WPR (≃)
Predictive Model
Hybrid Demucs [14] ✁ 2.05 1.03 13.57 2.16 5.24
HT Demucs [52] ✁ 2.08 1.06 13.41 2.06 9.23
MRX [48] ✁ 3.47 1.67 10.60 1.89 14.91
BandIt [59] ✁ 2.15 1.14 14.40 2.15 4.65

Generative Model
MSDM [44] ✁ 2.90 2.90 11.63 2.12 5.65
DAVIS-Flow [29] ✂ 5.94 1.64 9.25 1.96 12.14
AV-CASS (Ours) ✂ 0.84 0.93 12.32 2.26 1.84
Ours (Audio-only) ✁ 1.63 1.15 12.23 2.08 2.01

Table 3. Results on AVDnR dataset (objective scores). All mod-
els are trained on our training data. A-V indicates audio-visual.

Method H-Demucs HT Demucs MRX BandIt MSDM Ours
MOS (↘) 3.14 ± 0.15 3.01 ± 0.14 1.90 ± 0.13 3.12 ± 0.14 2.79 ± 0.14 3.90 ± 0.13

Table 4. MOS results on AVDnR dataset.

audio-visual test set, AVDnR, using the same data synthesis464

pipeline described in Sec. 4. We strictly partition all source465

clips into disjoint training and testing splits to avoid over-466

lap. The final AVDnR benchmark contains 1K audio-visual467

samples, each 60 seconds long, providing a reliable testbed468

with complete ground-truth sources.469

Objective evaluation. We train all methods on our train-470

ing set and report results on AVDnR in Tab. 3. Methods471

are grouped into predictive and generative categories. As472

commonly observed [61, 64], predictive models which op-473

timized with reconstruction or SNR-based losses tend to474

achieve higher SI-SDRi, reflecting their stronger alignment475

with SNR-based metrics. However, they often produce476

over-smoothed estimates that limit perceptual fidelity [38,477

53]. In contrast, generative models focus on producing re-478

alistic samples and therefore excel on perceptual metrics.479

Within this context, AV-CASS achieves the best FAD, KL,480

PESQ, and WPR scores across all methods, indicating su-481

perior perceptual quality and cleaner cross-track separation.482

Notably, AV-CASS outperforms the audio-visual base-483

line DAVIS-Flow [29], even though both methods use visual484

information. This suggests that performance in AV-CASS485

depends not only on using vision, but on the way of provid-486

ing visual cues. By incorporating facial and scene streams487

in a dual-stream setup and adopting a multi-source formula-488

tion, AV-CASS receives source-specific visual context that489

is not available in the single-target design of DAVIS-Flow,490

leading to more consistent and reliable track disentangle-491

ment. Detailed per-track metrics are in the Appendix F.492

Subjective evaluation. Since objective scores do not al-493

ways capture perceived audio quality, especially for gener-494

ative models that may introduce realistic details beyond the495

reference, we additionally conduct a user study on AVDnR.496

As shown in Tab. 4, AV-CASS achieves the highest MOS497

among all methods. This perceptual preference aligns with498

our strong FAD, KL, and PESQ performance (Tab. 3), indi-499

cating that AV-CASS produces outputs that listeners consis-500
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Figure 5. Comparison of our audio-only model (Ours-AO),
DAVIS-Flow [29], and our audio-visual model (AV-CASS) on a
clip from the AVDnR testset. The input video frames and the GT
audio spectrograms are shown at the top. Yellow boxes highlight
the bird chirping present in vs and the FX tracks. Dotted boxes
indicate misplaced segments. Better viewed when zoomed in.

tently find clearer and more natural. Together, these results 501

confirm that the perceptual advantages of our model extend 502

beyond objective measures and translate directly into im- 503

proved user experience. 504

Qualitative results. Fig. 5 compares separated spectro- 505

grams from our audio-only model (Ours-AO), DAVIS- 506

Flow [29], and our audio-visual model (AV-CASS). As the 507

yellow boxes indicate, both audio-visual models correctly 508

separate bird chirping sound into FX, guided by the bird 509

visible in vs. In contrast, Ours-AO incorrectly places the 510

chirping sound in the MX track. This shows that visual 511

cues can guide correct source separation, resolving ambi- 512

guity about where the sound came from. While DAVIS- 513

Flow separates FX correctly, it fails to isolate MX clearly 514

because its design requires a corresponding visual input for 515

every target source. This comparison highlights that AV- 516

CASS effectively exploits visual information. Taken to- 517

gether with the results on real-world samples, the gap be- 518

tween AV-CASS and DAVIS-Flow further confirms that the 519

CASS task differs from generic audio-visual sound sepa- 520

ration and requires specialized architectures tailored to its 521

multi-source separation demands, such as ours. Additional 522

examples are shown in Appendix H. 523

5.2.3. Extendability towards audio-only separation 524

As discussed earlier, the CASS task is traditionally defined 525

in the audio-only domain, with standard benchmarks such 526

as DnRv2 [49] and DnRv3 [60]. Although our model is 527

designed for audio-visual separation, it can also operate in 528
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FAD (≃) KL (≃) SI-SDRi (↘) PESQ (↘) WPR (≃)
D

nR
v2

[4
8]

Hybrid Demucs [14] 3.66 1.47 9.19 2.03 4.77
HT Demucs [52] 3.72 1.37 8.59 1.95 9.14
MRX [48] 5.01 1.77 7.48 1.78 16.56
BandIt [59] 2.75 1.55 7.68 1.97 3.67
MSDM [44] 6.25 1.54 9.09 2.07 5.33
Ours (Audio-only) 1.95 1.33 8.10 1.93 2.13

D
nR

v3
[6

0]

Hybrid Demucs [14] 3.12 1.68 10.62 1.89 3.78
HT Demucs [52] 3.17 1.59 9.92 1.83 8.49
MRX [48] 5.02 2.26 8.94 1.65 16.64
BandIt [59] 4.79 1.98 9.14 1.86 3.53
MSDM [44] 5.51 1.75 9.19 1.65 4.49
Ours (Audio-only) 2.62 1.66 9.36 1.86 1.91

Table 5. Audio-only CASS results. Metrics are averaged across
three sources, except PESQ, which is evaluated only on the speech
source. All models are trained on our dataset.

an audio-only setting, e.g., when video frames are unavail-529

able, by removing the visual encoder and cross-attention530

blocks in the U-Net. To evaluate this configuration, we train531

the audio-only variant on our dataset (as in previous ex-532

periments) and compare it with other methods on standard533

audio-only benchmarks and AVDnR. As shown in Tab. 3534

and Tab. 5, our method is competitive with models spe-535

cialized for audio-only CASS while showing clear superi-536

ority in FAD, indicating more natural and realistic outputs.537

Most importantly, our method achieves better WPR perfor-538

mance, indicating cleaner separation with less contamina-539

tion. These results highlight the flexibility of our approach540

to support single-modality setups, though its primary scope541

remains solving CASS from an audio-visual perspective.542

5.3. Ablation Study543

Analysis on visual streams. We study the impact of vi-544

sual stream by ablating facial and scene video streams.545

As shown in Tab. 6, adding either stream improves per-546

formance over the audio-only baseline, while using both547

yields the best results across all metrics, highlighting their548

complementary benefits and justifying our design choice549

for AV-CASS. We further analyze how each type of visual550

input affects the misplacement rates in Tab. 7. DX and551

FX columns clearly show that the corresponding visual in-552

puts minimize misplaced segments: the lowest DX WPR is553

achieved with the facial stream, and the lowest FX WPR554

with the scene stream. By utilizing both visual cues, our555

model achieves the most balanced WPR performance across556

all stems and thus improves the overall perceptual perfor-557

mance. This fine-grained misplacement analysis provides558

additional evidence that visual cues not only improve sig-559

nal quality metrics, but also substantially reduce semantic560

cross-contamination between tracks, a crucial property for561

practical cinematic audio applications. Taken together with562

the results in Tab. 6, these findings confirm that combin-563

ing both visual streams offers the most consistent and reli-564

able separation, yielding strong performance across metrics565

while minimizing residual cross-track contamination.566

Method vf vs FAD (≃) KL (≃) SI-SDRi (↘) PESQ (↘)

Audio-only ✁ ✁ 1.63 1.15 12.23 2.08
+ Facial stream ✂ ✁ 0.91 1.00 12.13 2.21
+ Scene stream ✁ ✂ 0.87 1.00 12.27 2.24

+ Both (Ours) ✂ ✂ 0.84 0.93 12.32 2.26

Table 6. Ablation results on visual streams.

Method vf vs DX FX MX
Audio-only ✁ ✁ 0.0265 4.6507 1.3443
+ Facial stream ✂ ✁ 0.0164 4.3310 1.2028
+ Scene stream ✁ ✂ 0.0289 4.0939 1.2282

+ Both (Ours) ✂ ✂ 0.0255 4.2854 1.2077

Table 7. Ablation results on visual streams with Wrong Place-
ment Ratio (WPR [%]) for each stem. Lower is better.

Figure 6. Impact of the number of sampling steps. Dotted lines
denote Hybrid Demucs (second-best FAD) on the left and BandIt
(highest SI-SDRi) on the right.

Impact of sampling step. Since we formulate CASS as a 567

generative task, an important factor is the number of sam- 568

pling steps N , which directly impacts performance. Fig. 6 569

shows FAD and SI-SDRi results on AVDnR as we vary 570

N → {4, 8, 16, 32, 64, 128}. FAD consistently improves 571

with more steps, indicating better perceptual quality. Also, 572

our model with only 32 steps already surpasses the second- 573

best method, Hybrid Demucs [14], while also improving SI- 574

SDRi. For our experiments, we use 128 steps to maximize 575

perceptual quality, though N can be adjusted depending on 576

the target metric. 577

6. Conclusion 578

In this work, we present the first audio-visual framework 579

for cinematic audio source separation (CASS). By shift- 580

ing from predictive to conditional generative modeling and 581

leveraging multimodal cues, our method delivers high- 582

quality, perceptually realistic separation. We develop a 583

synthetic training pipeline that pairs in-the-wild audio and 584

video, enabling training without cinematic datasets contain- 585

ing clean separated tracks. Trained solely on synthetic data, 586

AV-CASS generalizes seamlessly to real cinematic content. 587

Extensive experiments demonstrate its effectiveness on syn- 588

thetic benchmark, real-world movie samples, and even stan- 589

dard audio-only CASS benchmarks. These results high- 590

light the potential of an audio-visual perspective for build- 591

ing scalable, generalizable CASS models. 592
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