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Many applications

Vocals
4
f@ e ~|||||||| - Al
- Mixed Drums
Uy ik A |
‘ 7 Clear -|||| 1| -i||||I-I|IIII-
b Speech Othier
Hearing Aid Sound Remixing
~ - O
@ Understanding Dialog
Speech
G — — 2 e &2
’Q/ Recﬁﬂggfng Mixed Track Music
\—> ||| |- :
Detecting
Noise
- Sound Effects
© MERL Robot Audition Cinematic Sound Separation .

Images courtesy of Kohei Saijo and ChatGPT




Sutee Sneech Enhancement and Separation

Changes for the Better

Enhancing speech in challenging noise environments using a single microphone
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S e From the Cocktail Party Problem to the Cocktail Fork Problem

Changes for the Better

Three-Stem Audio Separation For Real-World Soundtracks
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* Why do we care? Now we have SAM Audio!
 SAM Audio is great, but it solves a different problem: Target Source Extraction

* Target source extraction can’t solve everything
— Not trivial to indicate context
— Not easy to separate multiple sources of a similar type, i.e., no instance-level separation
= E.g., two male speakers

— One source (or group of sources) at a time

© MERL 9



S U8 Can we handle all separation tasks using a single model?

Changes for the Better

 Different applications (or tasks) have different target sources of interest
— Task-specific models need to be deployed for each application, which is not efficient

Task Sources of interest
Speech enhancement (SE) Speech, Noise
Speech separation (SS) Speech X N, Noise
Environmental sound separation (USS) Sound effects (SFX) X N
Music source separation (MSS) Vocals, Bass, Drums, Other inst.
Cinematic audio source separation (CASS) Speech, SFX-mix, Music-mix

* NN’s powerful modeling capability may enable unification of all separation tasks

— LLMs handle various tasks that were originally handled by specialist models

— To address all separation tasks, the model needs to handle
1) arbitrary classes of sources,
2) avariable number of sources,
3) with an explicit control of granularity

© MERL 10



S U8 How Can We Build a Unified Source Separation Model?

Changes for the Better

* Requirements
1. A conditional model which can change its behavior in inference

2. A model that accepts a variable number of prompts

3. A model that accepts multiple identical prompts

N sources

Separation Model ]
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s R How Can We Satisfy the Requirements?

Changes for the Better

* Transformer-based separation models are good candidates

1. A conditional model which can change its behavior in inference
—> The model can change its behavior by prompting

2. A model that accepts a variable number of prompts
—> Transformers work regardless of the input sequence length

3. A model that accepts multiple identical prompts
— Positional encodings make prompts different from each other

N sources
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S lEs TF-domain Dual-Path Separation Models

Changes for the Better

* Base of the current state-of-the-art separation model
— Alternate sequence modeling along time and frequency dimensions

— LSTM is very strong [wang+, 2023], but it would be great to have a Transformer alternative
= Scalability, prompting, etc.
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Changes for the Better

TF-Locoformer

[Saijo+, IWAENC2024 Best Paper Award Candidate]

* TF domain Transformer with LOcal modeling by COnvolution

— A design inspired by Conformer [culati+, 2020] and Transformer++ [Gu+, 2024] T models

© MERL
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Changes for the Better

Key Components of TF-Locoformer
* Conv-SwiGLU FFN

— Convolutional layers inspired by Conformer
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— Split D-dimensional vector into G groups and normalize each D/G-dimensional vector
— This may encourage disentanglement of each source’s features
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e M Speech Separation Experiments

Changes for the Better

e Dataset: WSJO-2mix (anechoic) and WHAMR! (noisy reverberant)
e Metric: SI-SDR [dB]

* Results:
— Comparable performance to LSTM-based model, TF-GridNet
— Better performance with larger model

Model #params WSJO-2mix  WHAMR!
TF-GridNet (S) 5.5 M - 17.1
TF-GridNet (M) 14.4 M 23.5 -
TF-Locoformer (S) 5.0M 22.0 17.4
TF-Locoformer (M) 15.0 M 23.6 18.5

TF-Locoformer (L) 22.5M 24.2 -

© MERL



S tEs Unified Source Separation based on TF-Locoformer

Changes for the Better

* TF-Locoformer satisfies the requirements to build prompting-based models
— Sequence-length invariant
— But can make prompts different from each other thanks to the positional encoding

N sources
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e M Prompts to be Considered

Changes for the Better

» 8 types of prompts
— Speech: <Speech>
— Sound effects: <SFX-mix> <SFX>

— Music: <Music-mix> <Drums> <Bass> <Vocals> <Other inst.>

* Major tasks can be covered by changing the combination of prompts

Task

Prompts

Speech enhancement (SE)
Speech separation (SS)
Environmental sound separation (USS)
Music source separation (MSS)

Cinematic audio source separation (CASS)

© MERL
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18



S lEs Task-aware Unified Source Separation (TUSS) [Saijo+, ICASSP2025]

Changes for the Better

* Model satisfies the requirements by using self-attention
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Lousest 1. Encoder

Changes for the Better

e STFT-domain band-split module [Luo+, IEee/acm TasLP2023]
— Applies STFT to the mixture waveform X € R2*F*T
— Further encodes the spectrogram into Z € RP*KxT

Encoder

Lok cia

Mixture

© MERL [Luo+, 2023]: Y. Luo and J. Yu, “Music source separation with band-split RNN,” IEEE/ACM TASLP, 2023. 20



ol MR 2 Cross-prompt Module

Changes for the Better

Mixes the prompts and the encoded features via self-attention
— The prompts and the encoded features are conditioned on each other
— Enables us to use a variable number of prompts and multiple identical prompts
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Saususi 3 Conditional TSE Module

Changes for the Better

* Processes each pair of a prompt and the features one by one
— Conditioning by element-wise product: Z,, = P,, © Z € RP*¥XT
— Further applies some TF-Locoformer blocks
— Variable number of prompts is acceptable as the TSE module is shared for all n
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Lousmes 4 Decoder

Changes for the Better

* Band-wise decoding to project the separated feature back to the STFT domain
— Inverse transformation of the encoder
— Applied independently to each source
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e TR Experimental Setup

Changes for the Better

* Training Data: on-the-fly mixing of audios from collection of public data
— Randomly sample 2-4 prompts and the corresponding audio data, and mix them

Category Datasets
Speech VCTK, WSJ, LibriVox
SFX FSD50K
SFX-mix WHAM! DEMAND, FSD50K
Music Inst. MUSDB-HQ, MOISESDB
Music-mix FMA, MUSDB-HQ, MOISESDB

 Validation/testing data: public benchmarks for each task
— Voicebank-DEMAND (SE), WHAM! (SS), FUSS (USS), MUSDB-HQ (MSS), DnR (CASS)

© MERL
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S e Unified Source Separation Experiments

Changes for the Better
* Methods:

— Unconditional: unconditional separation model with fixed number of outputs
— TUSS: proposed TUSS-based conditional model

* Metrics:
— SI-SDR [dB], except for MSS where we use SNR [dB]

* Results:
— Prompting-based unified model outperforms the unconditional model
— Successfully handled tasks that require different #sources and granularity

Method SE SS USS MSS CASS Average
Unconditional 14.0 6.8 8.1 4.9 6.0 8.0
TUSS 14.8 9.1 9.6 6.8 9.1 9.9

© MERL 25



e TR Comparison with Specialist Models

Changes for the Better

* Two types of models trained on different data
— Specialists: multiple models, each trained on all the data for a given task
— TUSS: one model trained on all the data available for all tasks

* Results:
— Medium unified model could not outperform the specialist models
— Generally, larger model benefits from larger data, what if we scale the model up?

Type SE SS USS MSS CASS Average
Specialist 15.9 10.3 10.2 8.3 9.7 10.9
TUSS 14.8 9.1 9.6 6.8 9.1 9.9

© MERL 26



S B Results on Larger Model

Changes for the Better

* TUSS achieved comparable performance to the specialists on several tasks
— As expected, larger model benefits from large data
— Showed its potential to serve as a foundation model for source separation

Model size Type SE SS USS MSS CASS Average
Specialist 15.9 10.3 10.2 8.3 9.7 10.9
Medium
TUSS 14.8 9.1 9.6 6.8 9.1 9.9
Specialist 16.0 11.4 10.0 9.1 10.0 11.3
Large
TUSS 15.1 10.3 12.2 7.4 10.1 11.0

© MERL 27
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Lo v Conclusions on TUSS

Changes for the Better

First model that can truly tackle general source separation at the level of specialist models

* Generalizes to new tasks unseen during training

TUSS is great, but there are practical shortcomings:
— Offline, i.e., non-causal
— Large compute requirements even though parameter count is small relative to LLM

Only single-channel so far: can we be flexible in the number of channels too?

* Can we apply the task-aware idea to other types of models?

© MERL 32
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What is the main compute bottleneck?

T=1.0s T=15.5s T=30.0s

[ MHSA (3 Conv

Fig. 2: Compute breakdown of MHSA vs. convolutions for different chunk
lengths.

* Typical chunk sizes for source separation networks are between 2s —12s

* We measure inference speed in terms of multiply accumulate (MAC) operations

* The convolution layers are more expensive than multi-head self attention (MHSA)
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2l IS How to go FasTUSS? [Paissan+, WASPAA2025]

Changes for the Better

Table 1: Comparison of various speedup and conditioning configurations.

I T ID S G FFN1 Params M) MAC (G) A SNR [dB]
: [ Conv-SwiGLU | :

| | 1 1 1 v 11.1 43.1 0.0

| —»Cig | 2 2 1 v/ 11.1 26.2 -0.2

'| (Norm + MHSA | 3 4 1 v 11.1 17.7 -0.5
— ! 4 1 8 4 10.8 40.5 -1.6

| K rew | 5 1 1 X 8.9 24.4 -0.3

/| ([ Conv-SwiGLU | 6 2 1 X 8.9 16.0 —0.6

| T/XFXD | - |7 4 1 X 8.9 11.7 0.4
Pen?;ieT,XF = | 8 4 8 X 7.5 8.3 -1.2

* Benchmark on suite of datasets: VCTK-DEMAND, WHAM!, FUSS, MUSDB-HQ, DnR
Removing first FFN block achieves comparable performance with considerable drop in compute (~43%)
We increase the stride in the convolutions with negligible performance drop

We define FasTUSS-11.7G as configuration ID7 and FasTUSS-8.3G as configuration ID8 from Table 1, as both
are good options for maintaining strong performance while reducing compute

— reduce TUSS operations by 73% (0.4 dB performance drop) or 81% (1.2 dB performance drop)
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Soumses causal TUSS

Changes for the Better

 Straightforward to make convolutions causal

. . Cross-prompt module + Conditioni
e MHSA inside cross-prompt module needs special care N ead s R R

— mixture processing must be causal

— prompts must be updated in MHSA without leaking
information during training stage

— using a standard attention mask on the prompts
would lead to the first prompt (first element of Z’)

ol
never being updated with information from other 2" [ Temporal G
prompts or the mixture. 2! | modeling | 8
| * :O
b |§
| Frequency | 18
! modeling I%
I L | O
o _A____~w
T Dx(N+T)XF

Z' = |p1|---|PN| | Z1|2Z5|Z5|Z4|Z5
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AT Prompts and mixtures cross-condition each other in TUSS

Changes for the Better

L1 L2 L3 L4

(T T T[T T 1) [T BT ITTTIT]
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Attention maps in log scale. Teal, green, and orange tokens represent the prompts, the <SOS> token, and the mixture,
respectively. L* represent the layers on the temporal modeling path of the cross-prompt module.
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e M Impact of prompt-t xture and mixture-to-prompt condition

Changes for the Better

K K K K
Cross-prompt module + Conditioning D D D D D D D D D D D D D D D D D D D D
s _lmloslaaEE | O710000\ 07115000\ 07111000 O/111000
| I Oojo1,000)] 011,000} 011,000 011,000
oG E s | SO/t niiil|Ofr1iiiifOjooil 1| 011100
| S {11111 ) O{11111)Ogloor11)JOf11110
; goocdeees2 0 DON1 1111/ O\1 1111/ O\ooil 11/ O\11i111
! gl EE‘;ET; 'g ' (a) BLINDPROMP T (b) INDPROMPT (c) INDALL (d) CAUSAL
; = g D S G FFN1 Params (M) MAC (G) A SNR [dB]
[ I | modelin, 5 I
: - H | BLINDPROMPT 1 1 v 11.1 43.1 -1.3
i D><(N+T)><Fi INDPROMPT 1 1 v 11.1 43.1 -0.2
 Z' = |P1| - |PN| | 21| 25| 25| 24| Zs | INDALL 1 1 v 11.1 43.1 -3.2
CAUSAL 1 1 v 11.1 43.1 -1.8

- Especially important for prompts to be conditioned on each other, to handle repeated
prompts and for context definition, performance significantly drops otherwise (BLINDPROMPT)

. Significant drop in performance when the mixture processing is not conditioned on the
prompts and vice-versa (INDALL)

- We derive a causal version of TUSS, where prompts are not conditioned on the mixture, but
still conditioned on the context (CAUSAL)
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e M Speech Separation and Enhancement (SSE) for Various Situations

Changes for the Better

* Prompt-conditional separation allows specifying the number of speakers during inference.
—> TUSS can deal with audio mixtures with an arbitrary number of speakers.

[ Can we enhance TUSS via multi-channel processing?

© MERL 38




Lo umsusi Flexible and Versatile SSE

Changes for the Better

* We aim to realize an SSE system that can handle any number of microphones and speakers.

f@ @\

® g,

* Existing systems are still limited in some aspects of flexibility and/or controllability.
— Controllability refers to whether users can specify the number of speakers during inference.

Any # of <

> Any # of
mics M

spks N

Flexible M  Flexible N  Controllability

TPARN [25], USES [26] v X X
SepEDA [15], TUSS [18] X v v
VarArray [27] v v X
DNN-IVA [28] a v v/
FlexIO (Proposed) v v v

© MERL TDNN-IVA is not applicable to single-channel scenarios 39



S UEEH FlexlO: An Array-Agnostic Extension of TUSS [Masuyama+, ICASSP2026]

Changes for the Better

* We incorporate array-agnostic channel communication into the cross-prompt module.

* FlexlO performs conditional TSE on the representation from the reference channel.
Sl,m ¢+ SN,m

I I
[ Decoder ] e o o [ Decoder ]

A

[ Conditional TSE module ] [ Conditional TSE module ] -

; 3 Time-frequency
dual-path modeling
[ Multi-channel cross-prompt module ]< +

Co-Attention/TAC/
Cross-Ch. Attention

[ N [ )

|—>L Concat J |—> Concat J g

A A

(p) X N \(P) X N .
Encoder Encoder 4— The encoder and decoder
f ’ > f g are shared across channels
}(_1 e o o X—M
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Changes for the Better

Transform Average Concatenate (TAC)

» TAC aggregates the channel-wise representation by average pooling.

© MERL

Concat + FC Concat + FC

Average

Skip connection from the input

to the output is omitted.
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Lo umumsi Cross-Channel Attention

Changes for the Better

* Cross-channel attention dynamically exchanges information across channels via attention.

Attention

Key FC Query FC Value FC

Z1 Z2

Skip connection from the input
to the output is omitted.

© MERL 42



S uswes Co-Attention

Changes for the Better

e Co-attention shares the same attention matrix across channels within dual-path modeling.
— This approach does not require additional network parameters.

SoftMax

Average

V4 K; Q Ky Qo Vo

© MERL 43



e M Experimental validation

Changes for the Better

* Train on several enhancement and separation datasets
—with 1, 2, or 4 microphones
— with 1, 2, or 3 speakers

* 3-channel and 5-channel settings never seen during training to assess generalization

Table 2. Datasets used in our SSE experiments. “A” and “R” in
the condition denote anechoic and reverberant settings. The 3- and
5-channel data are excluded from the training and validation sets.

#Ch M #Spks N Acoustic condition
CHIiME-4 [34] {1,2,4},{3,5} 1 Noisy A
WSJO-mix [6] | {2, 3} Clean
WHAM! [35] 1 {1,2} Noisy A
WHAMR! [36] {1,2} {1,2} Noisy A/R
WSJ1-CHIME [28] {2,4},3 {2, 3} Noisy R

© MERL



S lEs Evaluation on Speech Enhancement

Changes for the Better

* FlexlO consistently improves the enhancement performance over single-channel TUSS
when the number of microphones is more than 1.

* Among medium-size FlexIO,
— cross-channel attention performs slightly better with up to 2 channels.
— co-attention outperforms the other modules on the CHiME-4 dataset.

 Large FlexlO outperforms an existing array-agnostic speech enhancement model (USES).

Table 3. Speech enhancement performance under diverse conditions. The numbers in parentheses denote the numbers of speakers and
microphones, i.e., (IN-M). For the WHAMR! dataset, “A” and “R” indicate the anechoic and reverberant conditions, respectively. “Comm.”
shows the channel communication mechanism, where “lch” indicates that speech enhancement is performed solely on the reference channel.
The best and second best results are highlighted in blue and orange, respectively

WHAM! (1-1) WHAMR! A (1-2) WHAMR!R (1-2) CHiME-4 (1-4) CHIME-4 (1-5)

Comm. #Params (10°) SDR STOI PESQ SDR STOI PESQ SDR STOI PESQ SDR STOI PESQ SDR STOI PESQ

USES [26] TAC 3.05 102 857 165 158 964 255 138 96.0 251 183 966 246 183 978 295
TUSS [18] Ich 3.42 136 942 229 13.6 941 228 124 937 224 17.1 957 231 17.1 957 231
TAC (M) 3.59 135 940 225 154 956 255 142 953 250 193 973 254 196 975 260

FlexIO ChAtt (M) 3.49 136 941 225 156 959 257 148 957 256 195 974 255 202 976 261
CoAtt (M) 3.42 135 940 226 155 957 256 144 954 252 208 978 272 21.7 981 28l

CoAtt (L) 7.35 138 944 231 158 960 261 149 958 258 213 98.0 286 223 983 296

© MERL 45



S 8 Evaluation on CHIME-4 Real Recordings

Changes for the Better

* We evaluate the generalization capability of FlexlO on real multi-channel recordings.

e USES deteriorates both DNSMOS and WER on the real 5-channel recordings.
— Its extension, U2-C, improves DNSMOS but still degrades WER from the noisy mixture.

* FlexlO achieves promising DNSMOS, and WER is improved as well as MVDR beamforming.

Table 5. DNSMOS and recognition performance on CHiME-4
recordings. FlexIO adopts co-attention for channel communication.

Simulated Real
DNSMOS WER (%) DNSMOS WER (%)
Ich 5¢ch 1ch 5ch 1ch 5ch 1ch 5ch

NoisyyMVDR 2.08 257 58 40 146 195 6.7 4.5

USES[26]  3.03 322 152 44 307 7.4
U2-C (41 - - - 308 - 103

FlexIO (M) 3.11 3.17 6.0 39 291 3.05 6.8 4.5

© MERL 46



S e Evaluation on Speech Separation

Changes for the Better

 DNN-IVA is not applicable to single-channel scenarios as it relies on array signal processing

* Large FlexIO outperforms the situation-specific TF-GridNet, showing the efficacy of FlexIO

* Similarly to the enhancement experiments, FlexlO outperforms single-channel TUSS

Table 4. Speech separation performance in various settings. FlexIO and TUSS are the same models as those used for speech enhancement in
Tablem While DNN-IVA uses the same model for all conditions, TF-GridNet' is separately trained for the 1- and 2-channel conditions.

WHAMR! R (2-1)

WHAMRI!R (2-2) WSJ1-CHIiME (2-2) WSJ1-CHiME (2-4) WSJ1-CHIiME (3-3)

Comm. #Params (10°) SDR SIR PESQ SDR SIR PESQ SDR SIR PESQ SDR SIR PESQ SDR SIR PESQ
DNN-IVA [28] ] 5.13 N/A N/A NA - - ~ 107 241 - - i 77 201 -
TF-GridNet' [5] ] 8.38 93 270 179 117 296 220 - - ] - ] . ;
TUSS [18] 1ch 3.42 95 253 182 95 253 182 149 291 273 151 294 275 114 231 215

TAC (M) 3.59 89 240 177 118 285 214 185 339 322 195 250 337 157 284 281
FlexIO ChAtt (M) 3.49 90 237 175 124 295 222 195 349 334 206 362 349 169 30.1 297
X CoAtt (M) 3.42 9.1 244 178 121 290 2.18 189 347 327 206 364 349 167 300 2.96

CoAtt (L) 7.35 97 255 184 125 296 222 196 350 336 216 373 3.60 173 304 3.03

© MERL
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Sl Evaluation on Unseen In-House Recordings

Changes for the Better

* FlexIO is trained on simulated mixtures up to 4 channels

* Still performs well on in-house 7-channel recordings for human-computer interaction

7-channel
circular array

© MERL
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Changes for the Better

e Large Language Model (LLM)

i)

[9, 72,17, 83, 16, 15, 20, 69, 38, ...

i)

i)

[93, 38, 80, 96, 98, 56, 83, 79, 62]

i)

[SOS]' IITOII’ llday”' lliSII’ lla”’ llbeautll' ”ifulll' llday”’ [eOS]

i)

Today is a beautiful day.

© MERL

Source-awareness in neural audio codecs?

e Large Audio Language Model

i)

[9, 72, 17, 83, 16, 15, 20, 69, 38, ...

i)

Large Audio
Language Model

)

[93, 38, 80, 96, 98, 56, 83, 79, 62]
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Changes for the Better

* Typical architecture of NACs
— Encoder estimates downsampled and continuous representation
— RVQ estimates discrete codes from the latent representation
— Decoder estimates the waveform from the discrete codes
— Trained using Generative Adversarial Networks (GAN) framework

e

Audio

© MERL

Conventional neural audio codecs

wav

Residual Vector Quantization (RVQ)

VQ

v

=
t

Audio
wav
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~weecwc  No disentanglement of acoustic information

Changes for the Better

™

Mixed
wav

RVQ

— Codes for mixture of all sources

Can we disentangle the sources at the token level

and make the Audio LM’s life easier?

© MERL



S IEEH Source Disentangled Codec (SDCodec) [Bie et. al., ICASSP 2025]

Changes for the Better

| 4
dh
2 M

xed
wav
Il "

— Separation relies only on RVQs, which are specific to each source domain

RVQ: Speech

RVQ: Music

RVQ: SFX

Separated
wav

— Unable to separate mixtures of sources from the same domain (e.g., two speakers)

© MERL
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S BB NACs with source separation: Cascaded model

Changes for the Better

* Apply source separation before NACs

o ®
dh ah
2 Mi

xed R Source Separated
e
wav Separation wav

Separated
wav

A

Task-aware Unified Source Separation (TUSS) 77
: Mixed latent feature
— LS — STFT TF-Locoformer
wav ‘
— — 1Each prompt
Learnable _ Sl\sl)e:ic;h Broadcast —— Matmul
prompts SLIJ=X
L - Separated latent feature
TF-Locoformer > iISTFT — Sepv\a;larsted -T—
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o s SUNAC: Source-aware Unified Neural Audio Codec

Changes for the Better

o
dh
( Mixed
wav
H

Learnable
prompts —

Speech
Music
SFX
Mix

Conditional Feature Extractor

/

Mixed latent feature

MHA
; Each

|

prompt

[

FiLM

Conditioned features

[Aihara+, ICASSP2026]

Separated
wav

— Add Multi-Head Attention (MHA) and Feature-wise Linear Modulation (FiLM) before RVQ
— Enables separation of mixtures within the same source domain (e.g., two speakers)

© MERL
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C,h"%fﬂ%‘%%'.%”' Experimental conditions

Comparison of model parameters and computational cost

* Training data for NACs (MAC) measured per 1.0 second in GMACs

— Speech: 2600 hours

= DNS 5 speech, MUSAN-speech Method Params (M) Const [G] Per source [G]
- Music: 3800 hours T TR T
= MTG-Jamendo, MUSAN-music
- SFX: 260 hour DACT 6.4 125
= DNS5-sfx, MUSAN-sfx, WHAM! TUSS.DAC 252 11 515
— Sample 1-3 sources FasTUSS-DACT 77.5 4.1 14.9
" up to 2x <Speech> SDCodec 74.8 12.6 28.4
" no repeat of <Music>and <SEFX> SDCodecT 67.1 3.9 9.0
SUNAC 69.2 3.5 9.5

 Valid / Test data for NACs
— Valid / Test division from DnR dataset

* Metrics for evaluation
— Scale-Invariant Signal-to-Distortion Ratio (SI-SDR) [dB]
— ViSQOL (perceptual auto quality assessment)
— Higher is better on both metrics

© MERL 56
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Changes for the Better

Experimental results

e Separation from {<Speech>, <Music>, <SFX>}

Table 3. Reconstruction results for the mixture and separated sources from {<Speech>, <Music>, <SFX>} (no repeated prompt).

Mix Speech Music SFX
Model SI-SDR T VisQOL 1 SI-SDR * VisQOL 1 SI-SDR1 VisQOL 1 SI-SDR 1t VisQOL 1
TUSS-DAC — — 13.07 +246 372 +038 4.70+418 425+018 4.82+517 4.1940.18
FasTUSS-DACT — — 1220 +250 3534039 392+418 4264016 3.80+538 4.17+0.17
SDCodec’ 6.39 +3.19 4.52 4005 10.78 +£299  3.50 +0.43 1.74 +357 426 +013 2.17 +433 4.2040.15
SDCodec 8.24 +283 4.56 +0.05 11.40 £3.08 3.64 +0.41 1.21 +358  4.10 +£0.21 1.26 +427 418 +0.17
SDCodecT 7.30+306 4.54 4006 11.32 +289  3.64 +0.37 1.75 +445 4.09+022 1.42+476 4.09 4022
SUNAC 6.48 +311 4524006 11.56+300 3.68+036 198+462 4.144+020 2.10+404 4.164+0.19

— Comparable performance to SDCodec

— Codec based methods achieve lower SI-SDR than FasTUSS-DACT (phase issue?)
but comparable VisQOL, at lower complexity

© MERL
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Changes for the Better

Experimental results

» Separation from repeated prompts
— SDCodec cannot handle this case

— SUNAC comparable with cascaded approaches, even

on 4-prompt case for which it wasn’t trained

Table 4. Separated results from {<Speech>.<Speech>}.

Model SI-SDR * VisQOL 1
TUSS-DAC 13.35 +380 4.08 £0.39
FasTUSS-DACT 10.73 +466 3.83 +046
SDCodec’ 0.00 +283  3.04 + 061
SDCodec 0.00 £283 3.04 +0.62
SDCodecT 0.00 £2.83  3.09 +0.59
SUNAC 11.80 +307 4.12 4042

Table 5. Reconstruction results for mixed source and separated results from {<Speech>, <Speech>, <Music>, <SFX>}.

Mix Speech Music SFX
Model SI-SDR 1T VisQOL 1 SI-SDR 7 VisQOL 71 SI-SDR 1 VisQOL 1 SI-SDR * VisQOL *
TUSS-DAC - — 9.07 +£3.38 3.40 +0.47 2.75 +396  4.20 +0.17 3.05 £5.23 4.13 +0.18
FasTUSS-DACT — — 698 +£392 308 +038 2.09+38 421 +o0.16 2.07 +5.37 411 +0.18
SDCodec’ 6.55+259 4494006 -0954+3290 2584053 -0.69+364 4204013 -0.154+469 4.15+0.15
SDCodec 830 +231 454+005 -1.00+334 264+054 -1.62+377 4074021 -096+444 4.124+0.17
SDCodecT 7.45 +252 451 +006 -0954+358 2604056 -1.154445 407 +022 -0.61 +481 4.11+0.17
SUNAC 6.38 +254 451 +006  7.46 + 341 3.33 +045 0.15+429 411 +020 0.25 +497 411 +0.19
© MERL

58



C.\%fﬂ%%‘%%‘.%”‘ Looking forward

Expanding to richer prompts and conditions

— Semantic / spatial prompts (roles, attributes,
relationships: “main speaker”, “speaker on the left”)

— Grounding via multimodal prompts
(text + audio cues: “the speaker that sounds like this”)

— Beyond additive distortions (clipping, codec, ...)

Gh i '\ /||||||||| .
Conditional

Heterogeneous L)I I I I I I I separation
itioni network

conditioning
concepts

Input mixture
(1. )¢
Speaking French l]

Loudes h,, 'e) speaker

Target Illllllll

[Tzinis+, Interspeech2022]

Weakly-supervised/unsupervised approaches for large-scale training

— Self-remixing [Saijo and Ogawa, ICASSP2023]
— Noisy CLAP training for text-queried target sound extraction

Generative models for separation

Integration with Audio/Speech LMs

© MERL

[Saijo+, ICASSP2025]
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