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Abstract

Full-duplex dialogue audio, in which each
speaker is recorded on a separate track, is an im-
portant resource for spoken dialogue research,
but is difficult to collect at scale. Most in-
the-wild two-speaker dialogue is available only
as degraded monaural mixtures, making it un-
suitable for systems requiring clean speaker-
wise signals. We propose DialogueSidon, a
model for joint restoration and separation of
degraded monaural two-speaker dialogue au-
dio. DialogueSidon combines a variational au-
toencoder (VAE) operates on the speech self-
supervised learning (SSL) model feature, which
compresses SSL model features into a compact
latent space, with a diffusion-based latent pre-
dictor that recovers speaker-wise latent repre-
sentations from the degraded mixture. Experi-
ments on English, multilingual, and in-the-wild
dialogue datasets show that DialogueSidon sub-
stantially improves intelligibility and separation
quality over a baseline, while also achieving
much faster inference.

1 Introduction

Building natural spoken dialogue systems remains a
key challenge in dialogue research. Recent systems
have begun to exhibit human-like conversational
behaviors such as backchannels, overlap, and flexi-
ble turn-taking, enabling fluent human-Al conver-
sation (Nguyen et al., 2023; Défossez et al., 2024;
Roy et al., 2026). However, modeling such phenom-
ena robustly still requires large amounts of suitable
conversational speech data.

In particular, full-duplex dialogue recordings are
important resources for spoken dialogue research.
In these recordings, two speakers are recorded on
separate tracks, making it possible to analyze and
model conversational behaviors while preserving
clean speaker-wise signals. Such data are especially
valuable for studying natural interaction and for
developing human-like dialogue systems.
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Despite their importance, full-duplex dialogue
data are difficult to collect at scale. A common ap-
proach is to record telephone conversations (Cieri
et al., 2004; LDC, 2008b) or controlled two-party
interactions (Agrawal et al., 2025; Lee et al., 2023),
but such pipelines are costly to build, often suf-
fer from latency and channel artifacts, and are not
easily scalable. Another possibility is to synthe-
size conversations using text-to-speech systems (Dé-
fossez et al., 2024). However, because these sys-
tems are usually driven by turn-based text dia-
logues, the resulting audio often lacks spontaneous
interactional phenomena such as natural overlap,
backchannels, and timing variability.

Meanwhile, large-scale in-the-wild audio from
the Internet provides a potentially rich source of
conversational speech (Nakata et al., 2026b). Inter-
net recordings contain diverse speakers, speaking
styles, and interaction patterns that are difficult to re-
produce in controlled data collection. In fact, such
data are already used for tasks such as large-scale
(SSL) (Zhang et al., 2023), automatic speech recog-
nition (Radford et al., 2022; Peng et al., 2025), and
speech synthesis (Koizumi et al., 2023a).

However, such recordings are difficult to use
directly for training full-duplex dialogue systems.
First, Internet audio is heavily degraded. Record-
ings may contain background music, environmen-
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tal noise, reverberation, clipping, and compres-
sion. Second, Internet dialogue audio is usually
available only as mixed recordings rather than iso-
lated speaker-wise tracks. Jointly addressing both
problems—restoring signal quality and separating
speakers—is therefore necessary to recover speaker-
wise signals from in-the-wild dialogue audio.

A natural approach is to apply speech separa-
tion (Luo and Mesgarani, 2019). However, exist-
ing separation methods are typically developed for
mixtures of monologue clean speech and often do
not generalize well to spontaneous conversational
speech, where overlap patterns, prosody, and inter-
action timing are substantially different.

Speech restoration methods (Liu et al., 2022;
Karita et al., 2025; Nakata et al., 2026a), on the
other hand, have recently shown strong perfor-
mance in removing noise and recording artifacts. In
fact, some of open corpora are based on the restored
samples by speech restoration models (Koizumi
et al., 2023a; Ma et al., 2024; He et al., 2024).
Inspired by these approaches, the joint modeling
of speech restoration and separation has been pro-
posed (Asai et al., 2026; Zhang et al., 2024). Never-
theless, existing work has mainly focused on mono-
logue and monaural speech rather than mixed di-
alogue recordings. This limits their applicability
to full-duplex dialogue recovery from in-the-wild
two-speaker dialogue audio.

In this paper, we propose DialogueSidon, a
model for joint restoration and separation of in-the-
wild dialogue as shown in Figure 1. The key idea is
to extend the previous open-source speech restora-
tion model Sidon (Nakata et al., 2026a) to the dia-
logue setting by incorporating speaker separation,
allowing degraded mixed conversational recordings
to be transformed into cleaner speaker-wise dia-
logue signals by leveraging SSL model pretrained
on large-scale speech dataset. Experimental results
show that DialogueSidon improves both restoration
and separation quality compared with conventional
unified restoration and separation baselines, while
also achieving faster inference.

Our contributions are as follows: (i) We pro-
pose DialogueSidon, a model that jointly restores
and separates degraded monaural two-speaker di-
alogue audio into clean speaker-wise tracks. (ii)
DialogueSidon combines an SSL-VAE latent space
with a diffusion-based latent predictor, enabling
speaker-wise recovery from degraded conversa-
tional mixtures. (iii) We show through experiments
on English, multilingual, and in-the-wild dialogue
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data that DialogueSidon improves content preser-
vation and separation quality over a baseline while
providing substantially faster inference. Audio sam-
ples!, code?, and a live demo? are publicly avail-
able.

2 Related Work

2.1 Spoken Dialogue Language Modeling

Recent spoken dialogue language models (Nguyen
et al., 2023; Défossez et al., 2024; Roy et al., 2026;
Veluri et al., 2024) can capture acoustic and tem-
poral phenomena such as overlap, backchannels,
and turn-taking timing by modeling spoken inter-
actions directly. However, these models still lag
behind human conversation (Nguyen et al., 2023;
Défossez et al., 2024; Roy et al., 2026), partly due
to the scarcity of large-scale full-duplex dialogue
data—recordings where each speaker is on a sep-
arate track. Existing datasets are typically limited
to telephone corpora such as Fisher (Cieri et al.,
2004) (2k hours) and proprietary recordings (Dé-
fossez et al., 2024), far smaller than the scale used
in recent speech generation research which fron-
tier models use millions of hours of speech (Zhang
et al., 2023; Peng et al., 2025). This data scarcity
motivates our work on converting Internet audio
into usable full-duplex dialogue data.

2.2 Speech Separation and Restoration

Speech separation (Luo and Mesgarani, 2019;
Wang et al., 2023; Scheibler et al., 2025) aims to re-
cover individual speaker signals from multi-speaker
mixtures. However, most methods are developed
on clean monologue mixtures and do not general-
ize well to in-the-wild conversational audio with
background music, noise, reverberation, and com-
pression artifacts.

Speech restoration removes degradations from
corrupted recordings (Liu et al., 2022; Koizumi
et al., 2023b; Karita et al., 2025; Nakata et al.,
2026a), making it useful for large-scale dataset
cleansing (Koizumi et al., 2023a; Ma et al., 2024).
Recent methods such as Sidon (Nakata et al., 2026a)
perform restoration in the latent space of SSL
model, improving robustness to diverse in-the-wild
degradations. However, they mainly target single-
speaker speech and do not address speaker separa-
tion.

"https://hf.co/spaces/Wataru/dsidonsamples
*https://github.com/sarulab-speech/Sidon
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Figure 2: Overview of DialogueSidon training.

A straightforward cascade of restoration and sep-
aration is generally inadequate for this setting. Ap-
plying restoration first can suppress or distort over-
lapping speech, because existing restoration models
are typically designed for monologue and tend to
treat overlap as corruption to be removed. Apply-
ing separation first is also unreliable, since most
separation models are not designed for heavily de-
graded in-the-wild mixtures. This motivates unified
modeling of separation and restoration rather than
a simple cascade.

More recently, several studies have explored uni-
fied modeling of speech separation and restora-
tion (Zhang et al., 2024; Asai et al., 2026). These
approaches are promising because both problems
must be addressed to recover usable speaker-wise
signals from degraded mixtures. However, exist-
ing methods are primarily developed for mixtures
of monologue speech and may not generalize well
to in-the-wild dialogue audio, where overlap pat-
terns, backchannels, and interaction timing differ
substantially from monologue mixtures.

3 DialogueSidon

DialogueSidon extends the speech restoration
model Sidon (Nakata et al., 2026a) to the dialogue
setting by introducing speaker-wise recovery from
degraded conversational mixtures. Given a de-
graded monaural two-speaker dialogue mixture, the
goal is to reconstruct a clean waveform for each
speaker track. As shown in Figure 2, the model
consists of two components: (i) an SSL-VAE that
defines a compact latent space for clean speech, and
(ii) a diffusion-based latent predictor that estimates
the speaker-wise latent representations from the
degraded mixture. The predicted latents are then
decoded into separated clean waveforms.
Formally, given a degraded monaural two-
speaker dialogue mixture with T’ samples, € R”,
our goal is to recover the corresponding clean full-
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duplex waveforms y,y, € RT, where each wave-
form corresponds to one speaker. In this work, we
focus on the two-speaker case.

DialogueSidon first maps each target signal y,
to a compact latent representation z, € RY*P us-
ing the SSL model followed by two layer linear
layers with ReLU activation, where s € {1,2}, L
is the latent sequence length, and D is the latent
dimensionality. The latent predictor is then trained
to estimate 21, 2o from the degraded mixture x.
Finally, the SSL-VAE decoder reconstructs the cor-
responding waveforms ¥, ¥, from the predicted
latents.

Training is performed in two stages. In the first
stage, the SSL-VAE is trained to construct a com-
pact and speech-relevant latent space from clean
dialogue tracks. In the second stage, the latent pre-
dictor is trained in this latent space to recover the
speaker-wise clean representations from degraded
mixed dialogue audio. At inference time, the latent
predictor first estimates the latent representation for
each speaker track from the degraded input, and
the SSL-VAE decoder then reconstructs the final
waveforms.

3.1 SSL-VAE

The SSL-VAE is designed to compress SSL model
representations into a compact latent space suit-
able for diffusion modeling. Previous studies on
speech restoration (Koizumi et al., 2023b; Karita
etal., 2025; Guimaraes et al., 2025) have shown that
features extracted from large SSL models are effec-
tive for representing speech content and acoustic
characteristics. However, directly applying diffu-
sion models to such high-dimensional (e.g., 1,536-
dimensional) feature spaces is computationally ex-
pensive. To address this issue, we adopt a latent
diffusion framework (Dhyani et al., 2025) in which
SSL features are first compressed with a pretrained
VAE encoder.



Let fssp, (-) denote a frozen SSL [;-th layer
hidden feature. Given a clean monaural waveform
y, we first compute a Dj,-dimensional intermedi-
ate hidden representation h = fss ;, (y), where
h € REXDPr, The trainable encoder qe then ap-
plies a two-layer linear layers with ReLU activation
followed by a variational bottleneck to obtain a com-
pact latent representation z ~ ¢y(z | h) with di-
mension D < Dj,. The latent variable z € RL*D
serves as the target representation for the second-
stage latent predictor.

The trainable decoder gg(-) reconstructs the orig-
inal waveform from the latent representation: y =
ge(z). The training objective consists of a re-
construction term, adversarial loss, together with
the standard Kullback-Leibler regularization sim-
ilar to previous work (Shi et al., 2025): Lyag =
Liec(Y, Y)+Laav(y, ¥)+8 Dxrlag(2 | h) | p(2)),
where p(z) is a prior distribution and § controls
the strength of regularization.

Following prior work (Nakata et al., 2026a), we
use [; = 8-th layer hidden feature of w2v-BERT
2.0 (Communication et al., 2023) as the SSL fea-
ture extractor. This model is trained on 4.5 mil-
lion hours of speech covering 143 languages and
has been shown to be effective for speech-related
tasks including speech translation (Communication
et al., 2023) and speech restoration (Nakata et al.,
2026a). For waveform reconstruction and discrimi-
nator used for adversarial training, we use the De-
script Audio Codec (Kumar et al., 2023) decoder
and discriminator, which is based on a HiFi-GAN-
style vocoder (Kong et al., 2020) with Snake acti-
vation (Ziyin et al., 2020).

3.2 Latent Predictor

The role of the latent predictor is to estimate clean
speaker-wise latent representations from a degraded
monaural dialogue mixture. The latent predictor
takes @ as input and predicts 21, Zo, which are then
decoded by the SSL-VAE decoder to obtain the final
reconstructed waveforms.

A straightforward approach would be to directly
regress the target latents from the degraded input.
However, in our preliminary experiments, such de-
terministic objectives tended to oversmooth the la-
tent trajectories and often failed to preserve spoken
content and overlapping speech. To better model
the uncertainty inherent in degraded conversational
mixtures, we instead adopt a diffusion-based latent
predictor. This approach is reported to be effective
in other speech processing tasks (Shi et al., 2025;

Guimaraes et al., 2025).

Conditioning representation We first extract a
conditioning representation ¢ = fssp 1, ¢(€) €
RE*DPh from the degraded input mixture, where
JssL,ls,¢(+) is an lz-th layer SSL model feature fine-
tuned with low-rank adapter (LoRA) (Hu et al.,
2022) parameterized by £. This representation cap-
tures the linguistic and acoustic information in the
degraded mixture and is used to condition both the
auxiliary latent prediction and the diffusion model.

For conditioning, we use the lo = 13-th layer hid-
den feature of w2v-BERT 2.0. The LoRA adapter
is applied to the last linear layer of the feed-forward
network in each Conformer block, adapting the
model to degraded mixtures while preserving pre-
trained knowledge.

Auxiliary latent prediction A key challenge in
speaker-wise latent prediction is permutation am-
biguity: the two output tracks are unordered, there-
fore the model must not only predict the correct
latent content, but also resolve speaker assignment.
To reduce the burden on the diffusion model, we
introduce auxiliary heads parametrized by w and
denoted a,, that produce coarse speaker-wise la-
tent estimates 21,22 = ay(c) directly from the
conditioning representation. These auxiliary heads
are trained with permutation-invariant training (Yu
et al., 2017) to encourage them to produce speaker-
wise estimates that are close to the target latents,
while allowing for flexible speaker assignment. By
providing these coarse estimates, we guide the dif-
fusion model towards better predictions and help
it resolve permutation ambiguity. These auxiliary
predictions are matched against the ground-truth
latents in a permutation-invariant manner (Yu et al.,
2017): 7 = argminges, >.om |25 — Zr(s)ll1s
where S is the set of all permutations over two
speakers. The resulting permutation 7* defines
the alignment between predicted and target speaker
tracks. Using this alignment, the auxiliary latent
prediction 10ss is Lax = ooy [|Zs — Zpe(sll1-
The same permutation 7* is then used to define the
speaker ordering for the diffusion model, preventing
it from suffering from the permutation ambiguity.

Diffusion-based latent refinement After per-
mutation matching, we jointly model the two
speaker latents by stacking them into Z =
stack (2 (1), 27+ (2)) € REX2D and similarly Z =
stack(27, 22) € RIL*2D for the auxiliary predic-
tions. The stacking is performed along the latent



Table 1: Durations of dataset used for training.

Dataset Duration (h)
CALLHOME German (LDC, 2008b) 58.1
CALLHOME English (LDC, 2008b) 76.9
CALLHOME Japanese (LDC, 2008c) 49.3
CALLHOME Spanish (LDC, 2008d) 43.6
CALLHOME Mandarin (LDC, 2008a) 39.5
Fisher (Cieri et al., 2004) 1,958.5
Total 2,225.9

dimension D. This joint representation allows the
diffusion model to capture inter-speaker dependen-
cies.

We use the v-prediction (Salimans and Ho, 2022)
reparametrization of diffusion model training fol-
lowing previous work (Guimaraes et al., 2025). The
forward diffusion process is Z; = oy Z + o€ with
e ~ N(0,I). Here, t ~ U(0, 1) represents the con-
tinuous diffusion time step, while the scalar func-
tions oy and oy € (0, 1) denote the signal and noise
schedules, respectively. The v-prediction target is
defined as v; = aye€ — 04 Z. The diffusion model
Uy (-) parameterized by 4, conditioned on the SSL
feature c and auxiliary predictions Z, predicts this
velocity: ¥y = vy (Z4,t, c, Z) The diffusion loss
is Laitt = Ez et]||vr —vy(Z1, t, ¢, Z)||3]. This de-
composition separates speaker alignment (auxiliary
heads) from latent refinement (diffusion), allowing
each component to focus on a distinct sub-problem.

Training objective The latent predictor is trained
using the sum of the auxiliary latent loss and the
diffusion 108s: Liatent = Laux + AdifeLdisr, Where
Adife controls the weight of the second term.

Inference At inference time, the auxiliary heads
produce coarse speaker-wise estimates from ¢, and
the diffusion model refines them via the reverse
process. The SSL-VAE decoder then reconstructs
clean waveforms g, = gg(2;) for s € {1,2}.

4 Experiments

We evaluate the speech restoration and separation
capabilities of DialogueSidon in English, multi-
lingual, and in-the-wild settings. All models are
trained on Sidon-restored telephone conversational
corpora, which provide clean speaker-wise tracks
necessary for supervised training but are not in-the-
wild data. The Sidon-restored samples (48 kHz)
were downsampled to 24 kHz. Evaluation is con-
ducted on three corpora: Switchboard (SWB) (God-
frey and Holliman, 1993) for in-domain English
telephone audio, CallFriend (Canavan and Zip-
perlen, 1996b,a,c,d; Tracey et al., 2025) for mul-

tilingual telephone audio, and OpenDialog (Zhu
et al., 2025) for in-the-wild Internet audio, to assess
both in-domain and out-of-domain generalization.

4.1 Experimental conditions

The statistics of the datasets used for the experi-
ment are shown in Table 1. We used a combination
of the Fisher English dialogue corpus and the En-
glish, German, Japanese, Spanish, and Mandarin
variants of the CALLHOME corpus. These are
conversational corpora consisting of telephone con-
versations on various topics. For preprocessing, the
recordings were restored with Sidon (Nakata et al.,
2026a), as they are telephone recordings and thus
contain a wide range of noise with limited audio
fidelity.

Data preparation To train a generalized speech
restoration and separation model, covering a wide
range of degradations is important, as we cannot
make assumptions about the specific degradations
present in in-the-wild dialogue audio. Therefore,
similar to previous work (Saijo et al., 2025), we
used diverse sets of degradations. Each degrada-
tion was applied independently to each track with
the probability of 0.5 before mixing into a monau-
ral dialogue in the final step. The details of the
degradations are reported in Section A.

The noising pipeline was applied four times to
each dialogue session with different random seeds.
As a result, we obtained approximately 8,902 hours
of paired (clean, degraded) dialogue data.

DNN architecture For the SSL feature extrac-
tor, we use w2v-BERT 2.0 as described in sec-
tion 3.1. We investigate the effect of the latent
channel dimensionality in SSL-VAE by varying
D € {8,16,32,64,128} while keeping the tem-
poral sequence length fixed. All models produce
24 kHz output audio.

For the latent predictor, the auxiliary heads con-
sist of two separate linear projection layers applied
to the conditioning feature ¢, one per speaker track.
In the SSL model used in the latent predictor, we per-
formed fine-tuning with a LoRA adapter with rank
r = 64 and scaling factor &« = 16. The architec-
ture of diffusion model is a Diffusion Transformer
(DiT) (Peebles and Xie, 2023) with hidden dimen-
sion 768, eight layers, 12 attention heads, interme-
diate size 3,072. Rotary positional encoding (Su
etal.,2024) is used in the DiT. The conditioning fea-
ture ¢ and the stacked auxiliary latent prediction Z



and noised input Z; are concatenated along the la-
tent dimension and provided. We use a linear noise
schedule with 1,000 diffusion steps during train-
ing. Atinference time, we used DPM-Solver++ (Lu
et al., 2025) with 30 steps for sampling.

Training details The SSL-VAE is trained for
two days with a batch size of 32 using the
AdamW (Loshchilov and Hutter, 2019) optimizer
with a learning rate of 1 x 10~4. The exponen-
tial decay learning rate schedule is used where the
learning rate is multiplied by a factor v = 0.999996
every step. The KL regularization weight is set to
B =1 x 107°. The latent predictor is trained for
two days with a batch size of 64, a learning rate
of 1 x 10~* with 2,000 warm-up steps, and diffu-
sion loss weight Agigg = 1.0. All experiments are
conducted on eight NVIDIA H100 GPUs.

Evaluation data SWB. We use the SWB corpus,
a collection of telephone conversations in English.
We randomly select 100 dialogue sessions, each
cropped to 20 seconds for evaluation. Since SWB
and the Fisher training corpus are both telephone-
band conversational corpora, SWB results reflect
in-domain performance.

CallFriend. For multilingual evaluation, we use
the multilingual variant of CallFriend corpus (Cana-
van and Zipperlen, 1996b,a,c,d; Tracey et al., 2025),
which includes telephone conversations in German,
French (Quebec), Japanese, Spanish, and Mandarin.
We randomly select 20 dialogue sessions, each
cropped to 20 seconds from each language variety
for evaluation.

OpenDialog. For in-the-wild evaluation, we use
the English train set of OpenDialog (Zhu et al.,
2025), a corpus of monaural dialogue audio sourced
from Internet containing diverse real-world acoustic
conditions. We randomly select 100 dialogue ses-
sions for evaluation. We did not crop the samples
as each sample was shorter than 30 seconds.

Evaluation metrics We evaluate the quality of
restored and separated outputs using both objective
and subjective metrics.

Common metrics. DNSMOS (Reddy et al.,
2021) and NISQA (Mittag et al., 2021): Machine-
learning-based speech quality predictors, which
predicts the mean opinion score (MOS) on over-
all perceptual quality of denoised speech. Speaker
similarity (Spk. Sim.): Cosine similarity between
speaker embeddings of the output and the reference,
computed using the WavLM-based speaker verifi-

cation model (Chen et al., 2022)*. VAD accuracy
(VAD Acc.): The frame-level voice activity detec-
tion (VAD) accuracy on the separated output, used
for English and multilingual evaluation, computed
using Silero-VAD?. The reference VAD labels differ
by corpus: for SWB, word-level timestamps from
the transcription labels are used; for CallFriend,
VAD is run on the ground-truth audio to obtain
pseudo-labels; Note that for OpenDialog, neither
speaker-wise tracks nor speaker voice activity labels
were provided and we do not report the result.
Per-dataset intelligibility metrics. All intelligi-
bility metrics are computed using Whisper-large-v3
as the ASR model. WER: Word error rate, used for
English (SWB) and in-the-wild data (OpenDialog)
evaluation where speaker-wise reference transcripts
are available. p-CER: Pseudo-character error rate,
used for the multilingual (CallFriend) evaluation
as transcriptions were not available in standard or-
thography for some languages. Because p-CER is
biased by ASR performance on the original record-
ing, it should be interpreted as a relative metric
rather than an absolute measure of intelligibility.
Subjective metric. MOS: We conducted a sub-
jective listening test on SWB and OpenDialog. For
SWB we compared Noisy, Sidon, GENESES and
DialogueSidon and for OpenDialog, we compared
GENESES (orig), GENESES and DialogueSidon.
Each rater assessed 12 samples. (360 ratings per
method), scoring recording and separation quality
on a 5-point scale. Specifically, each rater was pro-
vided with speaker-separated recordings and asked
to rate each 20-second sample based on (i) the qual-
ity of recording and (ii) speaker consistency in each
track. All raters were recruited through Prolific®
and asked to wear headphones. The number of
raters was 120 for SWB and 90 for OpenDialog.

Baselines We compare DialogueSidon against
four methods. Noisy denotes the original telephone
recordings without any processing, which serve
as an upper bound for speaker identity and VAD
structure but contain telephone-band degradations.
Sidon (Nakata et al., 2026a) is a speech restora-
tion model that enhances the monaural mixture
as a whole without performing speaker separation,
meaning the output is a single restored track rather
than speaker-wise signals. GENESES and GENE-
SES (orig) (Asai et al., 2026) are unified speech

*https://hf.co/microsoft/wavlm-base-plus-sv
Shttps://github.com/snakers4/silero-vad
®https://www.prolific.com/
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Table 2: Comparison of latent size on the SWB evaluation set. We compare DialogueSidon with different latent
dimensionalities D against Noisy, Sidon, and GENESES. "Noisy and Sidon do not perform speech separation. Bold

and underline denote the best and worst among separation methods, respectively.

Method WER (%) | | NISQA 1 DNSMOS 1 | Spk. Sim. 1 | VAD Acc. 1
Content Recording Quality Speaker Separation

Noisy' 60.810 2.315 3.005 — —
Sidon® 57.470 3.942 3.999 0.934 0.730
GENESES (orig) 79.990 3.507 3.582 0.803 0.812
GENESES 33.540 3.720 3.680 0.853 0.923
DialogueSidon (D = 8) 16.550 3.394 3.586 0.887 0.936
DialogueSidon (D = 16) 14.950 3.370 3.653 0.888 0.939
DialogueSidon (D = 32) 14.390 3.453 3.641 0.887 0.938
DialogueSidon (D = 64) 15.040 3.443 3.642 0.887 0.939
DialogueSidon (D = 128) 22.720 3.393 3.630 0.876 0.906

Table 3: MOS test results on the SWB evaluation set
with their standard deviation. All pairwise differences
are statistically significant (p < 0.05, two-sided ¢-test).

Method MOS 1

Noisy 2.815 £ 0.999
Sidon 3.289 £ 1.167
GENESES 3.482 +1.195
DialogueSidon  3.895 + 0.948

separation and restoration models. GENESES is a
flow-matching-based model reported to be robust to
complex degradations. We report results using both
their official checkpoint, denoted by (orig), and a
retrained model. For retraining, we trained GENE-
SES from scratch on the same dialogue dataset as
DialogueSidon using the hyperparameters reported
in the original paper for fair comparison. At infer-
ence time, we used 100 inference steps, as suggested
in the paper (Asai et al., 2026).

4.2 Results

Effect of latent size Table 2 presents results on
the SWB evaluation set for different latent dimen-
sionalities D. All DialogueSidon variants substan-
tially outperform the baselines in WER. The best
setting, D = 32, achieves 14.39% WER, com-
pared with 33.54% for the retrained GENESES
and 57.47% for Sidon. Although DialogueSidon
does not achieve the best predicted perceptual qual-
ity in terms of NISQA or DNSMOS, it better pre-
serves spoken content and speaker characteristics
than GENESES, as reflected by WER and speaker
similarity. Notably, GENESES (orig)—the origi-
nal checkpoint trained on monologue mixtures—
performs substantially worse than the retrained
GENESES across all metrics (e.g., 79.99% vs.
33.54% WER), confirming that training on con-
versational data is critical for dialogue separation.
The D = 128 setting degrades across all metrics,
suggesting that excessive latent capacity is detri-
mental in this setup. Based on these results, we use
D = 32 in the subsequent experiments.

Subjective evaluation To further assess restora-
tion and separation quality, we conducted a hu-
man listening test on the SWB evaluation set. As
shown in Section 4.1, DialogueSidon achieves the
highest MOS of 3.895, significantly outperforming
GENESES (3.482), Sidon (3.289), and the unpro-
cessed recordings (2.815) (p < 0.05, two-sided t-
test). These results indicate that, despite not always
achieving the best predicted perceptual quality ac-
cording to NISQA and DNSMOS, DialogueSidon
produces speaker-wise outputs that are preferred
by human listeners in terms of overall recording
quality and speaker consistency.

Multilingual evaluation Table 4 presents mul-
tilingual results on five CallFriend language va-
rieties. DialogueSidon consistently outperforms
GENESES in p-CER across all evaluated languages,
indicating better preservation of spoken content. In
addition, DialogueSidon generally achieves higher
speaker similarity and VAD accuracy, suggesting
more faithful speaker-wise reconstruction. Al-
though GENESES often attains higher NISQA or
DNSMOS scores, its much worse p-CER indicates a
stronger tendency to distort or remove linguistic in-
formation. GENESES (orig) performs consistently
worse than the retrained GENESES across all lan-
guages and metrics, further confirming that the gap
between the two reflects the benefit of retraining
on conversational dialogue data. These results sug-
gest that DialogueSidon provides a better tradeoff
for full-duplex dialogue data construction, where
preserving content and speaker structure is critical.

In-the-wild evaluation To evaluate DialogueSi-
don on in-the-wild data, we apply all models to
OpenDialog, a corpus of monaural dialogue audio
sourced from the Internet. Table 5 presents the re-
sults. Note that Noisy and Sidon do not produce
separated speaker tracks. Therefore WER cannot
be measured. DialogueSidon achieves the lowest



Table 4: Multilingual evaluation on CallFriend corpus across five languages. We compare Noisy, Sidon, GENESES,
and DialogueSidon with 32-dimensional VAE latents. TNoisy and Sidon do not perform speech separation. Bold
denote the best and worst among separation methods, respectively.

Language Method p-CER (%) | | NISQA+ DNSMOS 1 | Spk. Sim. T | VAD Acc. 1
Content Recording Quality Speaker Separation
German  Noisy' — 2.131 3.001 — —
Sidon' 11.860 3.494 3.586 0.874 0.966
GENESES (orig) 76.700 3.404 3.426 0.810 0.831
GENESES 52.300 3.646 3.570 0.850 0.947
DialogueSidon 14.700 3.214 3.545 0.900 0.954
French Noisy” — 2.353 3.178 — —
Sidon' 19.280 3.839 3.792 0.893 0.962
GENESES (orig) 86.000 3.447 3.484 0.805 0.711
GENESES 61.660 3.753 3.591 0.881 0.923
DialogueSidon 25.440 3.369 3.617 0.905 0.945
Japanese  Noisy' — 2.177 2.897 — —
Sidon' 23.110 3.366 3.455 0.904 0.901
GENESES (orig) 120.420 3.539 3.466 0.754 0.510
GENESES 89.110 3.728 3.460 0.824 0.785
DialogueSidon 48.780 3.161 3312 0.891 0.796
Spanish Noisy" — 2.235 2919 — —
Sidon' 10.670 3.556 3.615 0.877 0.962
GENESES (orig) 82.910 3.559 3.360 0.777 0.686
GENESES 50.480 3.558 3.316 0.822 0.861
DialogueSidon 18.720 3.142 3.313 0.858 0.931
Mandarin ~ Noisy® — 2.380 3214 — —
Sidon' 25.240 3.682 3.701 0.944 0.951
GENESES (orig) 120.870 3.678 3.554 0.808 0.542
GENESES 124.000 3.949 3.684 0.829 0.529
DialogueSidon 59.960 3.436 3.526 0.868 0.700

Table 5: Evaluation on OpenDialog (in-the-wild data).

are statistically significant (p < 0.05, two-sided ¢-test).

tNoisy and Sidon do not perform speech separation; their
metrics are computed on the monaural mixture. For MOS, + indicates standard deviation and all pairwise differences

Method WER (%) | | NISQA1 DNSMOS 1 MOST
Content Recording Quality Subjective Quality
Noisy' — 3.826 3.615 —
Sidon® — 4.676 4.131 —
GENESES (orig) 74.510 3.427 3.479 2.611 £ 1.157
GENESES 43.790 3.809 3.620 3.131 £ 1.060
DialogueSidon 13.860 3.568 3.598 3.708 £+ 1.006

WER, substantially outperforming both GENESES
variants, consistent with the English and multilin-
gual evaluations. GENESES (orig) shows markedly
worse WER than the retrained GENESES (74.51%
vs. 43.79%), again demonstrating the importance
of conversational training data for in-the-wild di-
alogue. However, predicted perceptual quality
(NISQA, DNSMOS) is lower for DialogueSidon
than GENESES. To further validate sound quality
on in-the-wild dialogue, we also report subjective
evaluation result (MOS). The results were statisti-
cally significant between all compared methods. Di-
alogueSidon achieved the highest MOS, which con-
firms that DialogueSidon produces higher-quality
separation and restoration results than GENESES
as judged by human listeners.

Inference efficiency For large-scale full-duplex
dialogue data construction, inference efficiency is
also important. We compared runtime on a single

NVIDIA H100 GPU for a 20-second input. Dia-
logueSidon achieves an RTF of 0.010, compared
with 0.604 for GENESES, corresponding to a 60.4x
speedup. This efficiency advantage likely stems
from the relatively small diffusion model used in
DialogueSidon (88M parameters), compared with
GENESES (393M parameters).

5 Conclusion

We presented DialogueSidon, a model that jointly
restores and separates degraded monaural two-
speaker dialogue audio into clean speaker-wise
tracks by combining an SSL-VAE latent space with
a diffusion-based latent predictor. Experiments
on English, multilingual, and in-the-wild dialogue
datasets show that DialogueSidon substantially im-
proves content preservation and separation quality
over a baseline with 60x faster inference, suggest-
ing a practical path toward constructing full-duplex
dialogue resources from large-scale in-the-wild au-



dio. Future work includes extending to more speak-
ers and broader language coverage.
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A Details of the degradation pipeline

We used the degradation pipeline in the following
order.

1. Reverberation: We used pyroomacous-
tics (Scheibler et al., 2018) for simulating
room impulse responses (RIRs). Specifically,
random RT60 and rectangular cuboid room
dimensions were drawn from ¢/(0.1,1.0)
seconds and ¢/(2, 20) m respectively. Based
on the drawn RT60 and room dimensions,
wall absorption and maximum order of the
image-source method (Allen and Berkley,
1979) were calculated using Sabine’s equation.
Then, RIRs were simulated.

Background noise: We formed a noise pool
from AudioSet (Gemmeke et al., 2017), Free
Music Archive, WHAM! (Wichern et al.,
2019), FSD50K (Fonseca et al., 2022), and
synthetic wind noise generated by SC-Wind-
Noise-Generator (Mirabilii et al., 2022). For
each clean utterance, we randomly sampled
a single noise recording from this pool. The
selected noise was looped to exceed the ut-
terance duration and then truncated to match
exactly, and it was added at an SNR drawn
from ¢/ (—5,20) dB.

Band limitation: The input speech was ran-
domly resampled at {8, 16, 22.05, 24, 44.1,
48} kHz sampling rate before being converted
back to the original sampling rate.

. Clipping: The input speech was randomly
clipped by setting its new minimum value
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to the value corresponding to a quantile uni-
formly chosen between the Oth and 10th per-
centiles, and its new maximum value to the
value corresponding to a quantile uniformly
chosen between the 90th and 100th percentiles
of the original signal.

. Codec: We applied the MP3 compression with
arandom average bitrate ranging from 65 kbps
to 245 kbps.

. Packet loss: Random 9% segments of speech
were selected for packet loss. For each seg-
ment duration sampled from 2/ (20, 200) mil-
liseconds were selected to be replaced with
zeros to simulate packet loss.

. Mixing: From the degraded tracks %1, %2,
monaural dialogue audio was created as a
weighted sum x = w- g + (1 — w) - g2, where
the weight w is drawn from ¢/(0.3,0.7).
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