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Abstract

As the paradigm of Al shifts from text-based
LLMs to Speech Language Models (SLMs),
there is a growing demand for full-duplex
systems capable of real-time, natural human-
computer interaction. However, the develop-
ment of such models is constrained by the
scarcity of high-quality, multi-speaker conver-
sational data, as existing large-scale resources
are predominantly single-speaker or limited
in volume. Addressing the complex dynam-
ics of natural dialogue, such as overlapping
and back-channeling remains a challenge, with
standard processing pipelines suffering from
diarization errors and ASR hallucinations. To
bridge this gap, we present a robust and scal-
able open-source data processing pipeline de-
signed for full-duplex model. Our code and
project page are publicly available at

1 Introduction

Recent advances in speech large language mod-
els (SLMs) have evolved from single short queries
to multi-turn, open-ended conversations ( ,
; s ). Yet most systems
still operate in disjoint user and assistant turns
through a cascaded ASR and TTS pipeline (

, ), which inherits latency, discards par-
alinguistic cues, and struggles with interruptions,
overlapping speech, and backchanneling. Full-
duplex system ( , ; ,

) addresses these limitations by enabling the
system to listen and speak simultaneously, sup-
porting more fluid and human-like interaction.

Progress toward full-duplex SLMs has been
facing bottlenecked by the lack of high-quality
conversational data suitable for duplex training.
While Moshi ( , ) leverages

*This work was done during the residency program at
NAVER Cloud.

millions of hours of unsupervised audio for pre-
training, these sources are largely single-stream
and provide limited supervision for overlapping
speech. Consequently, overlap robustness re-
lies on relatively small high-fidelity conversational
corpora such as Fisher ( , ), which
is unlikely to meet the scale and diversity re-
quired for supervised fine-tuning (SFT) ( ,
).

Curating full-duplex training data from in-the-
wild recordings is challenging because real con-
versations contain frequent overlaps, backchan-
nels, and acoustic clutter, which amplify diariza-
tion and transcription errors ( , ).
In addition, long-form audio typically includes
non-conversational or irrelevant regions (e.g., mu-
sic, noise, long silences), requiring careful filter-
ing and normalization while preserving speaker
structure and multi-turn context. Finally, process-
ing web-scale audio demands high throughput to
make large-scale curation feasible under practical
compute budgets in the real industry.

To address these challenges, we propose an
open, robust, and scalable speech pre-processing
pipeline designed for full-duplex SLMs. Our con-
tributions are as follows:

* The first scalable pipeline for full-duplex
SLMs: We release a scalable pipeline for cu-
rating multi-turn conversational speech suit-
able for full-duplex training, helping alleviate
the community-wide data scarcity.

» High-fidelity overlap processing: We pro-
vide a detailed processing strategy that han-
dles overlaps via rigorous diarization analysis
and reduces ASR hallucinations using paral-
leled model ensembling and n-gram filtering.

* Proven efficacy on a full-duplex model:
We validate our pipeline by fine-tuning the
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Figure 1: The overall pipeline of the SOMMELIER conversational audio pre-processing. Blue boxes denote neural
model-based components, and a green box represent a algorithmic component.

full-duplex model Moshi on SOMMELIER-
processed speech and analyze practical data
requirements for stable full-duplex training.

2 Related Work

Speech Language Models and Full-Duplex In-
teraction. Spoken-language understanding has
shifted from cascaded ASR—LLM—TTS stacks,
which suffer from error propagation and loss
of paralinguistics ( , ;

), to End-to-End Speech Language Mod—
els (SLMs) that operate directly on acoustic to-
kens ( , ; ,

). Recent multimodal systems such as Qwen-
Audio/Omni ( , ; ,

,b), HyperCLOVA-X- Omm ( , )
and Aud10 Flamingo ( , ) further
bridge audio and language. While earlier SLMs
were half-duplex (turn-based), recent systems
such as Moshi ( , ;

; s ) and GPT-4o0 (

, ) target full-duplex communication
in which listening and speaking occur simultane-
ously, which requires the model to handle over-
lapping speech, back-channels, and fluid turn-
taking ( , ,a). Training such mod-
els demands high-quality, multi-stream conversa-
tional data; the scarcity of such data is the bottle-
neck SOMMELIER targets.

Data and pipeline context. Existing large-
scale corpora are mismatched for this regime:
LibriSpeech ( , ) and Gi-
gaSpeech ( , ) are dominated
by read or monologue speech, while classic
multi-speaker resources like Fisher ( ,

) and Switchboard (

) are limited to 8 kHz telephony. Web- scale
pipelines such as WenetSpeech ( ,

) and Emilia ( , ) aggregate large
single-stream corpora but treat overlapping speech
as noise to be removed. In parallel, recent work
couples ASR with LLMs for generative error cor-
rection (GER) ( , ;

; ; , ; ; );
we ship such a stage as optional (§4.4). A full
treatment of datasets and prior pipelines is de-
ferred to Appendix

3 Method

In this section, we present SOMMELIER, a
robust data processing pipeline designed to
transform raw, in-the-wild conversational audio
into high-quality training corpora for full-duplex
Speech Language Models (SLMs). Unlike tra-
ditional ASR pipelines that prioritize clean, non-
overlapping speech, our design philosophy cen-
ters on preserving the chaotic yet rich dynamics of
human dialogue, such as overlaps and backchan-
nelings, while ensuring scalability for web-scale
processing. The overall architecture, illustrated in
Figure 1, is built as a modular framework where
each component can be toggled or reconfigured,
allowing researchers to adapt the trade-off be-
tween data purity and conversational authenticity.

SOMMELIER is designed to transform raw au-
dio into clean, well-structured data while pre-
serving the semantic context. The process be-
gins with standardization, bringing diverse audio
formats into a unified representation. We then
segment the audio based on silence detection,
followed by a Voice Activity Detection (VAD)

260



model ( , ) that further partitions the con-
tent into chunks of less than five minutes, a prac-
tical constraint that prevents downstream models
from running out of memory on lengthy record-
ings (§ 3.1). Speaker diarization (§ 3.2) follows,
identifying who speaks when. Guided by these
speaker boundaries, we separate and restore over-
lapping speech regions (§ 3.3), with optional re-
moval of background noise and music (§ )de-
pending on the use case. Finally, an ensemble of
three Automatic Speech Recognition (ASR) mod-
els (§ 3.5) generates text transcripts and captions,
leveraging model diversity to improve robustness.
Each module in the pipeline can be toggled on or
off to suit specific requirements.

Rather than stripping away speech overlaps and
backchannelings, interruptions, and simultaneous
speech that characterize real dialogue, we preserve
them. This allows the duplex speech language
model to learn not just what people say, but how
conversations actually unfold.

3.1 Audio Standardization

Since collected radio and podcast data vary in
format and volume, we adopt the method of
( ). Using the pydub ' and
librosa ( , ) libraries, we convert
all audio to the standard format (16kHz, 16-bit,
Mono) and perform loudness normalization to -
20dBFS ( ) as illustrated in Fig-
ure 1(a).

2

bl

3.2 VAD & Speaker Diarization

To prevent out-of-memory issues with the diariza-
tion model, we split long audio files into units of
less than 5 minutes as shown in Figure 1(b). To
maintain conversational context, we use a VAD
model to cut the audio at silence intervals.

For speaker diarization, as shown in Fig-
ure 1(c), instead of the commonly used pyannote
speaker—-diarization-3.1 model (

), we adopted Sortformer ( )
from NVIDIA. Section 4.2 presents a performance
comparison between the two models, demonstrat-
ing Sortformer’s superiority in robustly capturing
very short utterances such as backchannelings.

’

B

3.3 Handling Overlapping Speech

Conversational audio features turn
changes and short utterances ( ).
To systematically handle massive-scale industrial

frequent

’

"https://github.com/jiaaro/pydub
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Figure 2: Illustration of the speech overlap separa-
tion process. (a) The process of calculating similarity
to distinguish speaker identities using arbitrary inde-
pendent speaker segments. (b) Separating overlapped
regions and making identity decisions for candidates
based on the similarity calculated in (a). Finally, the
separated segments are concatenated with the original
segments.

speech data, we categorized overlapping scenarios
into four distinct cases, as shown in Figure
Case 1 segments based on the overlap, yielding
non-overlapping segments but losing full utter-
ance information. Cases 2 and Case 3 assign
the overlapping speech to one side, which risks
ASR errors where utterances mix or transcripts
fail. Case 4 allows both segments to contain the
overlap based on speaker identity, preserving full
information despite sharing the ASR issues of
Cases 2 and Case 3.

We selected Case 4 as our baseline, incorpo-
rating a module that performs two-speaker sepa-
ration ( , ) on the overlapped inter-
vals. We find that inputting only the duplicated
part into separation model works better than using
the entire segment.

Before separating overlapped speech, we ex-
tract non-overlapping parts longer than 2 seconds
to generate embedding tuples (ercf,,e€ref,) =
(Memp(ag), Memp(a1)), where a denotes the au-
dio segment and M represents the model. This
process uses the speaker embedding model M.,
as shown in Figure 2(a). In parallel, the over-
lapped audio aoyeriap s fed into the speech sepa-
ration model M., to produce candidates a.qnq1
and acqngo as shown in Figure 2(b). To iden-
tify the speakers, we calculate the cosine similar-
ity scores Sy sim(Memp(Geandi ), €re,) and
Sy = sim(Memp(@cand1), €ref,). The candidate



with the higher similarity is assigned to the corre-
sponding speaker (a;), while the other candidate
corresponds to the remaining speaker. Finally,
we concatenate the non-overlapping parts with the
separated segments to create single-speaker seg-
ments as shown in Figure 1(d).

3.4 Background Music Removal

In addition to multi-speaker overlaps, the diverse
nature of industrial audio sources introduces an-
other challenge. Audio from radio broadcasts
or dramas contains background music (BGM),
which may be undesirable for training speech lan-
guage models. We employ PANNs ( ,

) (Pre-trained Audio Neural Networks) to es-
timate the probability of background music pres-
ence in each segment. If the probability exceeds
a threshold of 0.3, we apply the Demucs (

, ; , ) model to extract the
vocal track. Since music removal can degrade
speech quality, we selectively apply it only to seg-
ments identified by PANNSs, minimizing unneces-
sary processing as shown in Figure 1(e) and (f).

We find that feeding the entire audio context
into Demucs yields substantially better separation
performance than processing short segments in
isolation. Therefore, we input full two-minute au-
dio chunks into the model and subsequently ex-
tract only the required portions from the sepa-
rated output. We also considered SAM-Audio (

, ) for music removal but excluded it due
to its high inference latency (RTF 0.73 on A100),
which limits its scalability for large datasets.

3.5 Ensemble-based ASR

High-quality ASR is essential for constructing
large-scale datasets, as it generates the text labels
necessary for model training. However, relying
on a single model, even SOTA architectures like
Whisper ( , ), poses significant
risks. These models are prone to hallucinations,
particularly in silent or noisy segments, where they
often generate repetitive or nonsensical text (

s ). Such artifacts introduce noise into
the training signal, causing the downstream model
to mimic these pathological behaviors.

To mitigate this, we employ a Recognizer Out-
put Voting Error Reduction (ROVER) ( ,

) ensemble strategy combining outputs from
three distinct SOTA models as shown in Fig-
ure 1(g). We align transcripts at the word level and

apply a prioritized majority voting scheme: a word
is accepted if predicted by at least two models;
otherwise, we default to the prediction of our pri-
mary backbone, Whisper, to maintain consistency.
Residual hallucinations are further pruned using
a RepetitionFilter that discards samples
with excessive n-gram (n = 15) repetitions (count
> 5)( , ). Concurrently, we
extract word-level timestamps via Whisper. Pre-
cision in temporal alignment is critical for mod-
ern streaming speech language models (as detailed
in Section 4.1), which typically require strict syn-
chronization between audio and text tokens.

4 Experiments

In this section, we validate the individual compo-
nents of our proposed pipeline. First, we exam-
ine the practical utility of our approach by fine-
tuning Moshi using the dataset preprocesed by our
proposed pipeline (§ 4.1). We then quantitatively
evaluate the diarization accuracy (§ 4.2), the audio
quality following overlap separation (§ 4.3), and
the accuracy of the ensemble-based ASR (§ 4.4).
Furthermore, to provide a comprehensive analysis,
we discuss the pipeline’s latency (§ 4.5).

4.1 Effectiveness of SOMMELIER-Processed
Data for Full-Duplex Models

To validate the effectiveness of our proposed
SOMMELIER pipeline, we examine whether train-
ing a full-duplex model on the data processed by
this pipeline yields performance improvements.
To this end, we performed LoRA fine-tuning
onmoshiko-pytorch-bf1l6 ( ,

) and evaluated its duplex performance using
the Full-Duplex-Bench ( , ,a).

Dataset. We find that long turn-taking in the
training data for Moshi, specifically when a sin-
gle speaker holds the floor for too long (more than
a minute), leads to unstable loss reduction and
degrades performance, causing the model to be-
come unresponsive. Consequently, we selected
segments from the SOMMELIER-processed data
where each turn lasted no more than 10 seconds.
We defined a valid region as a sequence of at least
three consecutive turns, truncating the region if
an utterance exceeding 10 seconds appeared. Ad-
ditionally, we assigned only a single speaker to
the left channel of the stereo training data. We
confirmed that these selection criteria significantly
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Model | Pause Handling | Backchannel | Smooth Turn Taking | User Interruption
‘ Synthetic ~ Candor | TOR Freq ISD ‘ Candor Latency ‘ TOR  GPT4o  Latency
TOR | TOR | 1 0 1 TOR 1 1 0 0 {
Moshi 0.985 0.980 1.000  0.001 0.957 0.941 0.265 1.000 0.765 0.257
Moshi+SOMMELIER 1.000 1.000 0291  0.052  0.630 1.000 0.344 0.858 3.684 1.065

Table 1: Full-Duplex-Bench 1.0 results for base Moshi and Moshi fine-tuned on 83 hours of SOMMELIER-
processed data. Arrows indicate whether higher (1) or lower () values are better.

DER DER
Model DER (%) JER (%) (<105, %) (turn, %)
pyannote3.1 8.40 17.68 20.21 0.051
sortformer_v1 7.16 14.69 16.87 0.006

Table 2: Diarization model ablation on VoxCon-
verse ( , ) (common subset, <4 speak-
ers). Lower is better for DER/JER and RTF.

impact the training dynamics. The model configu-
ration is detailed in Appendix

Results. As shown in Table 1, evaluation
on Full-Duplex-Bench 1.0 demonstrated per-
formance improvements across Backchanneling,
Smooth Turn-Taking, and User Interruption han-
dling. Regarding Pause Handling, however, we
observe that the model performs comparably to
base Moshi, exhibiting similar limitations. We hy-
pothesize that this stems from the Moshi archi-
tecture or the absence of prompt audio, as pro-
posed in Personaplex ( , ). Regard-
ing latency, the base model exhibited notably short
latencies simply because it failed to engage in
backchanneling or interruption handling, reflect-
ing suboptimal behavior where the model contin-
ued speaking regardless of user input. In contrast,
after fine-tuning with Sommelier-processed data,
the increased latency can be interpreted positively,
as it indicates that the model is now actively pro-
cessing user input and preparing appropriate re-
sponses for backchannels and interruptions. De-
tailed descriptions of the benchmark metrics are
provided in Appendix

4.2 Diarization Model Choice

Using Pyannote 3.1 hasbeen widely regarded
as the default for diarization models, a trend fol-
lowed by recent works such as ( ). In
this study, however, we compare the performance
of Sortformer ( s ), which is adopted
in our pipeline, against the Pyannote 3.1 ( ,
) baseline.

’ 2

WER (%) | STOI UTMOS 1
Ori Sep Orc| Ori Sep Orc | Ori Sep Orc

02 | 105 61 48 | .961 .982 1.00|3.04 3.53 3.88
0dB 05 | 139 79 58 |.888 .969 1.00 | 227 332 3.87
1.0 | 489 15.6 53 |.778 913 1.00 | 1.70 3.02 3.84

02 | 113 7.6 53 |.961 978 1.00|3.06 347 3.87
5dB 05 | 188 7. 43 |.887 971 1.00 | 234 339 391
1.0 | 525 9.1 4.0 |.761 936 1.00 | 1.79 312 391

02 | 126 7.0 56 |.961 980 100|326 3.60 3.98
10dB 05 | 297 101 52 | .877 .956 1.00 | 258 321 3.86
1.0 | 51.0 138 48 |.754 919 1.00 | 2.17 3.01 392

SIR  OVL

Table 3: Speech quality for separated overlapped
speech across metrics for Original audio, source
Separated, and Oracle (pre-synthesis speech quality).

Metrics. We evaluate speaker diarization qual-
ity using DER (Diarization Error Rate) and JER
(Jaccard Error Rate). DER measures the frac-
tion of speaker time that is incorrectly attributed,
typically aggregating missed speech, false alarm
speech, and speaker confusion within a tolerance
collar. JER measures the average Jaccard distance
between the reference and hypothesis speaker seg-
ments, and is known to be more sensitive to
boundary quality and segmentation consistency.
To stress-test challenging regimes, we addition-
ally compute DER on short-duration speech by re-
stricting evaluation to reference segments shorter
than a threshold (<0.5s and <1.0s), and DER
on turn-taking regions by restricting evaluation to
temporal windows around speaker change points
(speaker alternations within a small gap). All met-
rics are reported on the VoxConverse ( ,

) common subset containing recordings with
at most four speakers.

Results and analysis. Table 2 demonstrates that
Sortformer consistently outperforms the Pyan-
note 3.1 baseline across global metrics on the Vox-
Converse benchmark. More importantly, the gains
are most pronounced in regimes critical for con-
versational modeling. Sortformer exhibits supe-
rior robustness in handling short utterances and
rapid turn-taking, effectively reducing errors in
brief interjections and speaker boundaries. These
results confirm that Sortformer is better suited
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Dataset Model WER (%) Time (s)
LibriSpeech ~ Whisper 3.63 £9.37 0.39
Test Clean  MoE (Ours)  2.04 & 6.50 1.40
LibriSpeech ~ Whisper 6.26 £ 11.63 0.35
Test Other  MoE (Ours)  3.92 + 8.92 1.27
TEDLIUM3 Whisper 12.19 £12.31 0.36
Test MoE (Ours) 10.66 +11.73  1.33

Table 4: Evaluation results on LibriSpeech

(Clean/Other) and TEDLIUM3.
Whisper—-large-v3 model.

Whisper refers

for processing highly interactive, overlapping di-
alogue than standard baselines.

4.3 Speech Quality of Overlap Separation

Processing overlapped speech is a critical step in
constructing training datasets for full-duplex con-
versational models ( , ). This
is because full-duplex training requires speech
segments to overlap freely, as in natural human
conversations, while maintaining source-separated
audio streams for each speaker.

Given two speech segments a; and a; that are
sequentially overlapped, where a; starts at tsiqrt,
a; ends at t.,q, and the overlap occurs from #;
to to, we evaluate speech quality for each di-
arized speaker’s utterance interval: [tsqre, t2] for
speakerl and [ty tenq) for speaker2.

Dataset. To simulate diverse real-world overlap
conditions, we synthesized 900 samples of two
speaker mixtures from the LibriSpeech (

, ) test utterance by varying Signal-
to-Interference Ratio (SIR € {0,5,10} dB) and
overlap ratio (p € {0.2,0.5,1.0}), forming nine
different conditions. We also mix silence-trimmed
sources to achieve the target overlap precisely.

Metrics. Evaluation is conducted across three
conditions: (1) Original, which directly extracts
time segments from the mixed signal, (2) Sep,
which applies SepReformer ( , )-
based separation with speaker identity matching
(see Section ), and (3) Oracle, which uses
clean source signals as an upper bound. Ground-
truth diarization timestamps from data synthesis
are used across all conditions to ensure fair evalu-
ation of overlapped regions. We assess intelligibil-
ity using Word Error Rate (WER), acoustic quality
using SI-SDR and STOI, and perceptual natural-
ness using UTMOS ( , ).

Results and Analysis. The quantitative analy-
sis presented in Table 3 reveals that while vari-
ations in the Signal-to-Interference Ratio (SIR)
have a limited impact on performance, the over-
lap ratio serves as the critical determinant of
task difficulty. As the overlap ratio increases,
the baseline model suffers significant degrada-
tion; however, our proposed method (Sep) consis-
tently outperforms the baseline across all exper-
imental conditions, demonstrating robust separa-
tion capabilities even in highly overlapped scenar-
i0s. Most notably, in terms of perceptual qual-
ity (UTMOS ( , )), the proposed
method achieves scores closely approximating the
Oracle upper bound. This result strongly sug-
gests that our model not only improves intelli-
gibility but also preserves speech naturalness ef-
fectively, thereby guaranteeing the generation of
high-quality samples suitable for use as training
data. More detailed results and analysis are pro-
vided in Appendix

4.4 ASR Ensemble Performance

We compare the performance of the Whisper
model against our proposed three-model ensemble
method utilizing ROVER ( , ).

Metrics. To evaluate ASR performance, we
measure the Word Error Rate (WER) using the
LibriSpeech ( , ) test dataset
(clean and other splits) and the TEDLIUM3 (

, ) test set. Since LibriSpeech
test-other and TEDLIUM3 contain noisy
conditions, these datasets allow us to assess the
model’s robustness against real-world scenarios.

Results and Analysis. The comparison results
between the standalone Whisper Large v3 and the
ensemble (Whisper + Canary + Parakeet (

, )) are presented in Table 4. In terms of
WER, the proposed approach demonstrated a sig-
nificant improvement of approximately 37%, re-
ducing the error rate from 6.26% to 3.92% com-
pared to the single Whisper-large-v3 base-
line. This gap was particularly evident in noisy
data, demonstrating improved recognition accu-
racy in segments containing low volume or BGM.

Regarding inference time, the ensemble ap-
proach required approximately three times longer
than the baseline. This latency is attributed to
the inference speed of Canary, the slowest model
among the three, rather than sequential execution.
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Figure 3: Per-sample WER distribution on LibriSpeech
test-clean (2,620 samples). (a) rank-ordered per-
sample WER on log-y: the tail collapses after rank
~600; (b) complementary CDF P(WER > x): below
1072 at = 1; (c) histogram with a zoomed inset of
the WER > 1 region; (d) RepetitionFilter does
not prune any sample on clean data.

Additionally, the concurrent loading and inference
of three models may introduce slight overhead.

Heavy-tail analysis. Although the mean WER
is low (2.04%), the reported standard devia-
tion (6.50%) is driven by a small heavy-tailed
set of failures rather than systematic accuracy
loss. On librispeech-test-clean, the
per-sample quantiles are P50=0.000, P95=0.125,
P99=0.272, P99.9=0.698, max=1.50; only 6
samples (0.23%) have WER>0.5 and a single
sample (0.04%) has WER>1.0 (full statistics
in Appendix A). Figure 3(a,b) shows this: the
rank-ordered curve collapses after rank ~600
and the cCDF drops below 1073 at z=1.
The RepetitionFilter (n=15, threshold 5)
prunes 0 samples on this split, consistent with its
role as a safety net for realistic noisy web audio
rather than a crutch for clean benchmarks.

Generative Error Correction as an optional
stage. Following recent work that couples ASR
hypotheses with an LLM to recover residual er-
rors ( , ; ,

; ) ; ; )
we implemented an optional Generative Error
Correction (GER) stage that asks an instruction-
tuned LLM (Qwen2.5-3B) to pick the most likely
transcript from the three ensemble hypotheses.
Zero-shot GER degraded WER on all three
splits (librispeech-test-clean 2.04—33.4%, test-
other 3.92—31.3%, TEDLIUM3 10.66—41.3%;

Stage Processing Time (s) RTF
Audio Duration 120.00 -
VAD + Sortformer 1.91 0.0159
SepReformer Separation 0.15 0.0013
ASR ensemble 13.91 0.1159
FlowSE Denoising 4.99 0.0416
Total 20.95 0.1746

Table 5: Processing time breakdown for the proposed
pipeline on a 120-second audio sample.

Appendix B), because out-of-domain LLM para-
phrases and punctuation drift outweigh the cor-
rections on already-clean speech. We therefore
ship GER as optional, to be enabled only when
domain-matched LLM fine-tuning is performed as
in prior work.

Qualitatively, we observed hallucinations in the
Whisper outputs, such as repetitive generation
(e.g., “Yeah., Yeah., Yeah...”). We confirmed that
our method successfully corrected these errors by
selecting the accurate transcript provided by Ca-
nary (e.g., “Yeah, big decision for Dan”).

4.5 Latency

Data preprocessing is a computationally intensive
task ( s ; , ). Thus, min-
imizing latency in this phase is critical. As shown
in Table 5, running a single process on an A100
(80GB) yields a total Real-Time Factor (RTF) of
0.1746. Excluding the optional FlowSE Denois-
ing step further reduces the RTF to 0.133, with
the primary bottleneck occurring in the ASR stage.
Given the peak memory usage of 23GB, it is pos-
sible to allocate three concurrent processes on a
single GPU, which effectively lowers the RTF to
0.0443 per GPU. Consequently, processing 10,000
hours of audio using eight A100 GPUs would take
approximately 55 hours, demonstrating the practi-
cal feasibility of our approach.

5 Conclusion

We presented SOMMELIER, the first scalable,
open-source pipeline for full-duplex SLMs. Our
pipeline combines rigorous diarization, overlap
handling, and ensemble-based ASR to improve
overall transcript quality. We validated the overall
utility of the SOMMELIER pipeline by fine-tuning
Moshi on SOMMELIER-processed speech. We re-
lease our pipeline to support reproducible indus-
trial research and to accelerate progress toward
natural, real-time human—Al interaction.
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Limitations

A limitation of our pipeline is its exclusive fo-
cus on processing speech data. While optimized
for conversational dialogue, it does not explicitly
account for non-speech acoustic events or gen-
eral sound scenes, limiting its scope compared
to omni-modal audio approaches. Although our
overlap separation module effectively disentangles
simultaneous speakers from single-stream record-
ings, the resulting audio fidelity is inevitably
slightly inferior to datasets that are originally
recorded with distinct, isolated channels (Oracle),
as the artificial separation process may introduce
minor acoustic artifacts.

Ethical Considerations

We developed the SOMMELIER pipeline with a
strict adherence to open-source compliance and
intellectual property rights. All software compo-
nents, libraries, and pre-trained models integrated
into our framework are governed by commercially
permissive licenses, primarily MIT and Creative
Commons (CC), allowing for broad academic and
industrial application without legal ambiguity.

Furthermore, the podcast audio samples fea-
tured on our project demonstration page were ex-
clusively selected from sources explicitly released
under CC licenses. We have rigorously verified
the usage terms of these recordings to ensure that
no copyrighted material is infringed upon and that
the original creators’ rights are respected.

Beyond licensing compliance, we acknowledge
the broader implications of releasing tools for
high-fidelity speech processing. While our goal
is to advance full-duplex interaction, we recog-
nize that high-quality conversational datasets can
potentially be misused for non-consensual voice
cloning or deepfake generation. We urge the re-
search community to utilize this pipeline respon-
sibly, ensuring that any private data processed is
done so with appropriate consent and privacy safe-
guards in place.
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Appendix

We provide detailed supplementary materials or-
ganized as follows:

* Appendix A provides per-sample WER tail
statistics across the three ASR test splits.

* Appendix B reports the full generative error
correction (GER) ablation.

* Appendix C extends the main-body related-
work discussion to large-scale speech
datasets and automated processing pipelines.

* Appendix D presents additional experimen-
tal results regarding overlap separation.

* Appendix illustrates specific cases for
handling backchanneling and overlapping
speech.

e Appendix F details supplementary results
from the fine-tuning experiments.

* Appendix G describes the techniques em-
ployed for audio captioning.

* Appendix H provides examples of data pro-
cessed by SOMMELIER.

A Per-sample WER distribution analysis

The variance statistics reported in Table 4 (Std)
can be read as a heavy-tailed phenomenon: a
small number of samples with WER 2 0.5 dom-
inate the standard deviation while the median
sample has WER = 0. Table 6-8 report per-
model tail statistics across the three ASR eval-
uation splits; %>0.5 and %>1.0 are the frac-
tion of samples exceeding those thresholds. On
librispeech the ensemble pushes P99 below
0.28 and %>0.5 below 0.25%; the only sample
with WER > 1.0 (max = 1.50) is a long hal-
lucination from the Canary component that sur-
vives voting. On 1ibrispeech-test-other
and TEDLIUM3 the tail broadens as expected
from acoustic conditions, but again concen-
trates in a small minority of utterances (Fig-
ure 4). Per-duration and per-reference-length
binned statistics are included in the released CSVs
(exp_asr/results/analysis/).

Table 6: Per-sample WER tail statistics — LibriSpeech
test-clean (N = 2,620).

Model N Mean Std P50 P90 P95 P99 P99.9 %>0.5 %>1.0 Max

whisper 2620 0.036 0.086 0.000 0.111 0.167 0.400 0.808 0.61 0.04 1.195
parakeet 2620 0.024 0.061 0.000 0.077 0.143 0286 0.538 0.11 0.00 0.750
canary 2620 0.021 0.066 0.000 0.067 0.125 0.273 0.698 0.23 0.04  1.500
moe 2620 0.020 0.065 0.000 0.067 0.125 0.272 0.698 0.23 0.04 1500

Table 7: Per-sample WER tail statistics — LibriSpeech
test-other (N = 2,939).

Model N Mean Std P50 P90 P95 P99 P999 %>0.5 %>1.0 Max

whisper 2939 0.063 0.119 0.000 0.182 0286 0.524 1.000 1.02 0.07 1739
parakeet 2939 0.050 0.105 0.000 0.150 0.238 0.500 0.812 0.65 0.07  2.000
canary 2939 0.040 0.090 0.000 0.133 0.200 0.371 1.000 0.41 0.03 1500
moe 2939 0.039 0.089 0.000 0.131 0.200 0.375 1.000 0.41 0.03 1500

B Generative Error Correction (GER)
ablation

We study an optional GER stage that con-
sumes the three ensemble hypotheses (Whis-
per, Parakeet, Canary) and asks Qwen2.5-
3B-Instruct to emit a single corrected tran-
script.  The prompt lists the three hypothe-
ses as "Transcription from system A/B/C" and
requests the most likely correct transcription.
We enable repetition_penalty= 1.1 and
no_repeat_ngram_size= 6 to suppress de-
generate loops, and strip chat-template / tool-call
tokens from the generated text. No LM fine-tuning
is performed; GER is evaluated zero-shot.

Table 9 reports mean, standard deviation, P95,
P99, and hallucination rate (fraction of samples
with WER > 0.5 or flagged by the 15-gram
RepetitionFilter) for each configuration.
Across all three splits, zero-shot GER increases
WER and broadens the tail: on librispeech-
test-clean the P99 jumps from 0.27 to 0.97,
and the hallucination rate from 0.23% to 17.1%.
The primary failure mode is LLM paraphrase and
over-insertion (e.g., replacing etcetera with
et cetera, adding punctuation, switching cas-
ing) that survives text normalisation only partially,
combined with occasional Qwen-specific degen-
eracies (e.g., Chinese character leakage). Figure
shows the complementary CDF comparison across
the three splits; the GER curve lies strictly to the
right of the ensemble + RepetitionFilter curve ev-
erywhere.

C Related Work (continued)

The short treatment in §2 is expanded here; we
focus on topics that did not fit in the main body’s
page budget.
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Table 8: Per-sample WER tail statistics — TEDLIUM3
test (N = 1,142).

Model N Mean Std P50 P90 P95 P99 P99 %>0.5 %>1.0 Max

whisper 1142 0.122  0.123 0.100 0278 0.363 0.558 0.667 1.40 0.00 0.667
parakeet 1142 0.107 0.116 0.086 0250 0.315 0.500 0.972 0.88 0.00 1.000
canary 1142 0.108 0.118 0.083 0.250 0.333 0.523 0.793 1.05 0.00  1.000
moe 1142 0.107 0.117 0.083 0250 0.316 0.523 0.793 1.05 0.00  1.000
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Figure 4: Per-sample WER distributions on the remain-
ing two ASR splits. Panels follow Figure

C.1 Large-Scale Speech Datasets

Existing speech datasets, despite their increas-
ing volume, remain suboptimal for training full-
duplex models that require rich interactional

dynamics.  Traditional ASR benchmarks like
LibriSpeech ( , ) and Gi-
gaSpeech ( , ) are dominated by

scripted read speech or solitary monologues, fail-
ing to capture the dynamic and interactive spon-
taneity of human dialogue. While conversational
datasets such as Fisher ( , ) and
Switchboard ( , ) offer
multi-speaker interactions, they are severely lim-
ited by their archaic telephony quality (8kHz), nar-

row bandwidth, and relatively small scale (typ-
ically a few thousand hours), which is insuffi-
cient for modern large-scale pre-training (

, ; , ). While recent web-
scale initiatives like WenetSpeech ( ,

) and Emilia ( , ) have success-
fully aggregated massive datasets, their pipelines
are heavily optimized for single-stream speech,
thereby neglecting the concurrent dynamics re-
quired for full-duplex interaction. Crucially, their
pre-processing pipelines treat overlapping speech
as noise to be excised or ignored rather than a
feature to be modeled. This structural limita-
tion results in data that lacks the distinct multi-
stream separation and essential acoustic collisions
required for learning true full-duplex interaction.

C.2 Automated Speech Data Processing
Pipelines

While open-source data processing pipelines
have become the bedrock of Large Language
Model (LLM) research, exemplified by trans-

parent frameworks like Dolma ( ,
), RedPajama ( s ), and
FineWeb ( , ), the domain of

speech processing remains significantly opaque.
Although model weights for Speech Language
Models (SLMs) are frequently released, the intri-
cate “data recipes” required to curate high-quality
pre-training corpora remain proprietary “black
boxes,” impeding the community’s ability to re-
produce results or improve upon existing strate-
gies.

This lack of standardized, open pipelines is
particularly critical when addressing the techni-
cal demands of full-duplex communication. Cur-
rent methodologies rely heavily on tools designed
for single-stream processing ( , ;

R ), which are ill-suited for cap-
turing the concurrent dynamics of human dia-
logue. For instance, while speaker diarization is
a prerequisite for multi-turn modeling, standard
tools like Pyannote ( , ;

, ) often struggle in the complex acous-
tic environments of in-the-wild web videos. Cru-
cially, these tools frequently misinterpret the over-
laps and rapid turn-taking, essential features of
full-duplex interaction, as segmentation errors or
noise, thereby degrading the structural integrity of
the conversational data.

Furthermore, the reliance on ASR models for
transcription introduces the risk of hallucina-



Table 9: Ablation:

ensemble stage vs. optional GER, across librispeech-test-clean, librispeech-

test-other, TEDLIUM3. Mean, Std, P95, P99 are WER quantiles; Halluc. % is the fraction of samples
with WER> 0.5 or flagged by the 15-gram RepetitionFilter. GER consistently degrades WER on already-clean

data, motivating our decision to ship it as optional.

Configuration ‘ LS-test-clean LS-test-other TedLium3-test
‘Mean Std P95 P99 Halluc.% | Mean Std P95 P99 Halluc.% | Mean Std P95 P99  Halluc.%

best single (canary) 0.021 0.066 0.125 0.273 0.23 | 0.040 0.090 0.200 0.371 0.41 - - - - -
ensemble 0.020 0.065 0.125 0.272 0.23 | 0.039 0.089 0.200 0.375 041 | 0.107 0.117 0316 0.523 1.05
ensemble + RF 0.020 0.065 0.125 0.272 0.23 | 0.039 0.089 0.200 0.375 0.41 | 0.107 0.117 0316 0.523 1.05
ensemble + RF + GER (Qwen2.5-3B-Instruct) | 0.334 0.405 0.811 0.970 17.14 | 0.313 0.244 0.800 0.941 1558 | 0413 0.262 0.871 0.955 30.82
best single (parakeet) - - - - - - - - - -1 0.107 0.116 0.315 0.500 0.88
tions. Models like Whisper ( , SR Overlap | , Sp;ﬁ;ker 1Oracle Bace Spgtker Zorade

), though powerful, are prone to generat- P P
. . . . . 02 [0.109 0.048 0.034 | 0.100 0.074 0.061
ing repetitive loops or nonsensical text during si- 45 o5 | 0162 0094 0078 |0.115 0.065 0.039
lence or non-speech intervals, a critical instabil- 1.0 0535 0.175 0.058 | 0.444 0.138 0.048
ity highlighted in recent studies such as Care- 02 |0.080 0088 0.066 |0.146 0.065 0.040
less Whisper ( ). Exist- 5dB 05 |009 0.059 0036 | 0277 0.084 0.049
. . ’ 1.0 | 0136 0.069 0039 | 0913 0113 0.042
ing pipelines lack the robustness to filter these

o . 02 |0059 0.056 0058 |0.194 0.084 0.053
hallucinations or handle the multi-stream nature 10dB 05 |0067 0064 0051 | 0527 0138 0.052
of duplex speech, underscoring the urgent need LO ] 0.096 0.083 0.051 | 0923 0193 0.044

for a transparent, hallucination-aware processing
framework tailored for conversational Al

D Detail of Overlapping disentangle
experiments

This section presents detailed experimental results
on the efficacy of our overlap separation mod-
ule. We evaluated performance across varying
Signal-to-Interference Ratios (SIR) and Overlap
Ratios using four key metrics: Word Error Rate
(WER), Scale-Invariant Signal-to-Distortion Ra-
tio (SI-SDR), Short-Time Objective Intelligibil-
ity (STOI), and UTMOS. The results, summa-
rized in Tables 10 through 12, demonstrate that ap-
plying the separation module (‘Sep’) consistently
improves signal quality compared to the baseline
(‘Base’). Notably, the performance gain is sig-
nificantly larger for Speaker 2 (the interfering or
secondary speaker) than for Speaker 1 (the pri-
mary speaker), particularly in challenging condi-
tions with high overlap ratios as shown in Figure

D.1 Analysis of Results

Asymmetric Gains (Spk1 vs. Spk2) Across all
metrics, the gap between the ‘Base’ and ‘Sep’ con-
ditions is most dramatic for Speaker 2. For in-
stance, in the 0,dB SIR and 1.0 overlap condition,
the WER for Speaker 2 improves drastically from
0.444 t0 0.138 (Table 10), whereas Speaker 1 sees
a relatively smaller, though still significant, im-
provement. This suggests that our module is par-
ticularly effective at recovering the subordinate or

Table 10: Word Error Rate (WER) comparison across
different conditions. Lower is better.

Speaker 1 Speaker 2
SIR  Overlap Base Sep Oracle | Base Sep Oracle
0.2 0.959 0.980 1.000 | 0.964 0.985 1.000
0dB 0.5 0.889 0.969 1.000 | 0.887 0.968 1.000
1.0 0.785 0.918 1.000 | 0.771 0.908 1.000
0.2 0971 0.980 1.000 | 0.951 0.976 1.000
5dB 0.5 0.929 0.980 1.000 | 0.844 0.962 1.000
1.0 0.847 0.955 1.000 | 0.676 0.917 1.000
0.2 0.985 0.988 1.000 | 0.938 0.971 1.000
10dB 0.5 0.956 0.981 1.000 | 0.798 0.931 1.000
1.0 0.901 0.954 1.000 | 0.608 0.883 1.000

Table 11: Short-Time Objective Intelligibility (STOI)
scores. Higher is better.

quieter speaker in a mixture, which is crucial for
full-duplex conversational Al where both parties
must be heard clearly.

Resilience to High Overlap The benefits of
separation become more pronounced as the over-
lap ratio increases. In the worst-case scenario
(1.0 overlap), the baseline UTMOS scores (Ta-
ble 12) drop severely (e.g., =1.7), but the separa-
tion module restores quality to near-natural levels
(=3.0). Similarly, STOI scores (Table |1) remain
high (>0.9) even under full overlap when sepa-
ration is applied, confirming that intelligibility is
preserved.

the Baseline method exhibits competitive SI-
SDR performance at p € {0.2,0.5}. However,
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Speaker 1 Speaker 2
SIR  Overlap Base Sep Oracle | Base Sep Oracle
0.2 3.08 356 394 | 299 350 382
0dB 0.5 228 329 385 | 225 335 390
1.0 1.73 3.05 3.81 1.67 299 3.86
0.2 312 347 3.83 | 3.00 348 3.90
5dB 0.5 246 351 390 | 222 328 392
1.0 1.86 329 394 | 1.72 294 3.87
0.2 339 3.69 395 | 312 351 402
10dB 0.5 2.82 350 391 | 235 292 382
1.0 222 329 395 | 212 273 390

Table 12: UTMOS (MOS prediction) scores. Higher is
better.

this comparison is inherently unfair: the Base-
line extracts each speaker’s time segment directly
from the mixed signal, meaning that at 20% and
50% overlap ratios, the majority of each segment
contains clean, non-overlapping speech. For in-
stance, at p = 0.2, the actual overlap constitutes
only 15.2% for S1 and 14.7% for S2, leaving ap-
proximately 7 seconds of clean audio per speaker.
Consequently, ASR systems can effectively recog-
nize the clean portions, resulting in artificially low
WER for the Baseline.

E Overlap cases

In this section, we present two representative over-
lap cases. The first is backchanneling, where a
speaker produces a short utterance while the other
is speaking; in this case, one segment is fully
contained within another segment. The second is
overlap, where two segments partially overlap but
neither segment fully contains the other.

spk O

spk 1
case

spk 1 DsegZ

spk 1 [[Jseo2

S =
case3

spk 1 Dsegz
caseq KO [0t ]

Figure 7: Four ways to handle backchanneling in over-
lapping speech.
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Figure 8: Four distinct types of separable cases in over-
lapping speech.

F Detail of Finetuning Experiment

The fine-tuning hyperparameters for Moshiko
are listed in Table We significantly
benefited from the implementation provided
at https://github.com/kyutai-labs/
moshi-finetune.

Hyperparameter Value
Total Data Duration = 83 hours
Training Steps 2,000
Hardware 8 x A100
Rank 128
Batch Size 16
Learning Rate 2e—6
Weight Decay 0.1

Table 13: Training hyperparameters and settings.

F.1 Dataset Statistics

This section provides statistics for the data fine-
tuned in Section 4.1. Figure 9 illustrates that our
training data originates from a wide range of con-
versational domains.

F.2 Full-Duplex-Bench 1.0: Metric
Definitions

Full-Duplex-Bench 1.0 evaluates spoken dialogue
models under full-duplex conditions, focusing on
pause handling, backchanneling, smooth turn-
taking, and user interruption handling. Across all
tasks, we define latency for an instance i as A; =
tstart;i — lend,i» Where fg,r denotes the model’s re-
sponse onset and t.,q denotes the end of the rele-
vant user event.


https://github.com/kyutai-labs/moshi-finetune
https://github.com/kyutai-labs/moshi-finetune

Pause Handling. To evaluate whether the model
incorrectly treats mid-utterance silence as a turn
boundary, we use Synthetic/Candor TOR (Turn-
Over Rate, |). This metric calculates the fraction
of pause instances in which the model starts speak-
ing. A failure is recorded if the model’s output
during a pause exceeds a minimal threshold (dura-
tion > 1 second or > 3 words).

Backchanneling. We assess the model’s ability
to provide brief acknowledgements without seiz-
ing the floor using three metrics. Backchannel
TOR (J) measures the fraction of backchannel-
eligible windows where the model produces a full
turn (duration > 3s or > 1s with > 3 words). Fre-
quency (1) reports the number of backchannels
normalized by total audio duration. Finally, JSD
() computes the Jensen—Shannon divergence be-
tween the model’s backchannel timing distribution
and human ground truth to evaluate timing natural-
ness.

Smooth Turn Taking. This task measures the
model’s promptness in responding after the user
completes an utterance. We report Candor TOR
(1), defined as the fraction of user-turn endings
where the model successfully begins speaking,
and Latency (/), measured only on instances
where the model successfully takes the turn.

User Interruption. When a user interrupts the
model, we evaluate the system’s responsiveness
and contextual adaptation. Interruption TOR (1)
measures the fraction of interruption events where
the model responds. Latency ({) tracks the time
from the end of the interruption to the model’s re-
sponse. Additionally, we use a GPT-40 relevance
score (1) (0-5 scale) to assess whether the model’s
response is semantically relevant to the content of
the interruption.

F.3 Results on Full-Duplex-Bench 1.5

( ) released Full-Duplex-Bench 1.5
as a successor to v1.0. We further evaluated the
model fine-tuned on SOMMELIER-processed data
using this updated benchmark.

The experimental results presented in Table
and Table 15 demonstrate that the SOMMELIER-
fine-tuned Moshi model significantly outperforms
the base model across all overlap scenarios. In
terms of audio quality, the fine-tuned model ex-
hibits superior signal fidelity and robustness, ev-
idenced by substantial gains in PESQ and SI-

SDR scores; notably, the SI-SDR for the ‘Back-
ground Speech’ scenario improved drastically
from 5.43 dB to 20.76 dB. Furthermore, the la-
tency analysis reveals a critical enhancement in
conversational responsiveness, with both stop and
response latencies reduced to sub-second averages
in the majority of cases, thereby enabling more
natural and immediate turn-taking interactions.

G Context Captioning

Speech data contains rich non-verbal information,
such as timbre and emotion, beyond text seman-
tics ( , ; )
; , ; , )- De-
tailed captioning of this information serves as
effective metadata for speech understanding and
generation ( , ; , ;
, ). Unlike other studies, we pro-
pose captioning audio segments using the Qwen3-
Omni-Captioner ( , ) model to gen-
erate rich metadata, including emotion, gender,
age group, and situation descriptions.

However, captioning short segments individu-
ally can fail to capture context (e.g., sarcasm).
To address this, we implemented context-aware
captioning by providing the preceding two seg-
ments as audio prompts (In-Context Learning).
Specifically, for consecutive audio segments aq,
as, and a3, we calculate the conditional probabil-
ity P(Cs|I,a1,as2) to generate the caption C5 for
as.

H Example

This section presents real-world podcast exam-
ples. Figure 10 visualizes the data processed by
SOMMELIER, followed by an example of the cor-
responding JSON file.

274



Table 14: Full-Duplex-Bench v1.5 Evaluation Results (Moshi vs.

Fine-tuned Moshi).

distractor audio quality metrics and behavior classification across four overlap scenarios.

Comparison of post-

Full-Duplex-Bench v1.5: Overlap Handling Evaluation

Scenario ‘ Audio Quality (Post) ‘ Rate ‘ Pitch ‘ Intensity ‘ Behavior Ratio
| STOIt PESQt SI-SDRT UTMOS? |WPM | 4u o | p o |RESP RESU UNCERT UNK
Moshi (Base)
Background Speech | 0.79 2.19 5.43 1.86 75.9 859 115 -646 163 | 0.15 0.07 0.03 0.75
Talking to Other 0.90 2.55 12.64 2.34 1245 | 96.6 16.0 | -49.1 16.2 | 0.15 0.18 0.04 0.63
User Backchannel 0.63 1.60 -6.57 1.25 25.8 66.5 6.2 | -87.0 16.0| 0.01 0.06 0.01 0.92
User Interruption 0.94 2.87 16.07 2.65 149.0 | 111.1 21.8 | -41.3 16.0 | 0.59 0.17 0.03 0.21
Moshi (Fine-tuned)
Background Speech | 0.98 3.33 20.76 1.87 1575 | 883 13.7 | -648 164 | 0.28 0.11 0.00 0.60
Talking to Other 0.96 3.30 20.26 2.30 1464 | 964 17.0 | -51.0 163 | 0.18 0.16 0.00 0.63
User Backchannel 0.91 3.01 16.48 1.32 1325 | 720 79 | -852 16.0 | 0.08 0.11 0.00 0.72
User Interruption 0.97 3.27 20.26 2.58 156.0 | 110.7 22.8 | -43.8 157 | 0.51 0.12 0.00 0.36
Table 15: Full-Duplex-Bench v1.5 Latency Analysis 28 "ena " true
(Moshi vs. Fine-tuned Moshi). Stop latency measures 29 }
. . 30 ,
time from user speech onset to model speech cessation. P i mentsts [
Response latency measures time from user speech off- 32 {
. 33 "start": 0.0,
set to model speech resumption. 24 Vend": 0.64,
35 "text": "Mr. N ?
Latency Analysis (seconds) 23 ::‘tkw hisper '" ”',L r i .
Scenario ‘ Stop Latency. ‘ Response Latency| ‘ Sample Count 38 ::\ : "‘ "T .M ",
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Talking to Other 113 057 |322 1.87 184 117 - " : ‘ anse
User Backchannel 1.30 0.42 2.38 1.84 113 29 45 {
User Interruption 1.30 0.72 1.99 224 391 237 46 "word": "Mr.",
Moshi (Fine-tuned) 47 "start": 0.0,
48 "end": 0.171,
Background Speech | 0.68 0.48 0.73 0.49 44 192 49 " ‘ ", 0.414
Talking to Other 0.82 065 |0.84 0.69 47 188 50 .
User Backchannel 0.70 0.40 1.12 0.85 57 156 51 {
User Interruption 0.89 0.64 0.66 0.55 110 383 52 "word": "F1 ",
53 "start": 0.192,
54 "end": 0.661,
55 "score: 0.936
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N Wt fan 58 by
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"text": "It’s Ira Glass here",
"text_whisper": "Tyra Glass here.",

"text_parakeet": "It’s Iraqg Glass here.",

"text_canary": "It’s Ira Glass here",
"speaker": "SPEAKER_00",
"language": "en",
"demucs": false,
"is_separated": true,
"sepreformer": false,
"words": [
{
"word": "Tyra",
"start": 1.12,
"end": 1.9220000000000002,
"score": 0.686
I
{
"word": "Glass",
"start": 1.943,
"end": 2.1900000000000004,
"score": 0.801
by
{
"word": "here.",
"start": 2.21,
"end": 2.5810000000000004,
"score": 0.75
}
]
"start": 2.8,
"end"™: 7.279999999999999,
"text": "Oh you’re the MC on the show I read
about Oh great I read I read I read",
"text_whisper": "You’re the emcee on the
show, Ira. Oh, great. Ira, are you Ira?
Ira?",
"text_parakeet": "Oh, you’re the MC on the
show, Ira. Oh, great. Ira Iron.",
"text_canary": "Oh you’re the MC on the show
read about Oh great I read I read I
read",
"speaker": "SPEAKER_01",
"language": "en",
"demucs": false,
"is_separated": true,
"sepreformer": true,
"words": [
{
"word": "You’re",
"start": 2.8,
"end": 3.2439999999999998,
"score": 0.498
by
{
"word": "the"
"start": 3.264,
"end": 3.3649999999999998,
"score": 0.685
by
{
"word": "emcee",
"start": 3.4459999999999997,
"end"™: 3.7479999999999998,
"score": 0.678
by
{
"word": "on",
"start": 3.7889999999999997,
"end": 3.8489999999999998,
"score": 0.932
I
{
"word": "the",
"start": 3.87,
"end": 3.9299999999999997,
"score": 0.977
by
{
"word": "show,",
"start": 3.9499999999999997,
"end": 4.213,
"score": 0.72
by
{
"word": "Ira.",
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172
173
174
175
176
177
178
179
180
181
182
183
184
185
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188
189
190
191
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197
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207
208
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212
213
214
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216
217
218
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220
221
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223

224

225
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228
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234
235
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240
241
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243
244
245
246
247
248
249
250
251
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e

{

"start": 4.233,
"end": 5.282,
"score": 0.799
by
{
"word": "Oh,",
"start": 5.302,
"end": 5.484,
"score": 0.832
by
{
"word": "great.",
"start": 5.645,
"end": 5.968,
"score": 0.85
by
{
"word": "Ira,",
"start": 6.311,
"end": 6.614,
"score": 0.534
by
{
"word": "are",
"start": 6.634,
"end": 6.695,
"score": 0.211
by
{
"word": "you",
"start": 6.775,
"end": 6.936999999999999,
"score": 0.317
by
{
"word": "Ira?z?",
"start": 6.957,
"end": 7.119,
"score": 0.531
by
{
"word": "Ira?",
"start": 7.139,
"end": 7.3,
"score": 0.582
}
1y
"flowse_denoised": true
"start": 4.24,
"end": 5.76,
"text": "I am the MC on this show, y
"text_whisper": "I am the MC on this
yes.",
"text_parakeet": "I am the MC on the
yes.",

"text_canary": "I am the MC on this

"
"speaker": "SPEAKER_00",
"language": "en",
"demucs": false,

"is_separated": true,
"sepreformer": true,
"words": [
{
"word": "I",
"start": 4.24,
"end": 4.61,
"score": 0.838
by
{
"word": "am",
"start": 4.63,
"end": 4.7330000000000005,
"score": 0.946
by
{
"word": "the",
"start": 4.774,
"end": 4.877000000000001,
"score": 0.215
by
{
"word": "MC"
"start": 4.897,
"end": 5.123,

es.",
show,

show,

show yes




254

256
257
258
259
260
261
262
263
264
265
266
267
268

270
271
272
273
274
275
276
277
278
279
280
281
282

284
285
286
287
288
289
290
291
292
293
294
295
296
297

299
300
301
302
303
304
305
306
307
308
309
310
311
312
313

314

315

316

317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336

b
{

by
{

"score": 0.683
by
{
"word": "on",
"start": 5.144,
"end": 5.205,
"score": 0.882
by
{
"word": "this",
"start": 5.226,
"end": 5.329000000000001,
"score": 0.287
by
{
"word": "show,",
"start"™: 5.349,
"end": 5.514,
"score": 0.455
by
{
"word": "yes.",
"start": 5.534000000000001,
"end"™: 5.781000000000001,
"score": 0.818
}
1,
"flowse_denoised": true
"start": 7.36,
"end": 8.48,
"text": "IRA. IRA.",
"text_whisper": "IRA. IRA.",
"text_parakeet": "Ira, IRA.",

"text_canary": "IRA I-R-A",
"speaker": "SPEAKER_O00",

"language": "en",
"demucs": false,
"is_separated": true,
"sepreformer": false,
"words": [
{
"word": "IRA.",
"start": 7.36,
"end": 8.003,
"score™: 0.779
by
{
"word": "IRA.",
"start": 8.024000000000001,
"end": 8.501000000000001,
"score": 0.648
}
]
"start": 8.48,
"end": 11.2,
"text": "Oh, great. Now hold on one second
Larry. Don’t don’t go away.",
"text_whisper": "Oh, great. Now, hold on one
second there. Don’t go away.",
"text_parakeet": "Oh, great. Now hold on one

second Larry. Don’t don’t go away.",
"text_canary": "Oh great now hold on one

second there don’t go away",
"speaker": "SPEAKER_01",

"language": "en",
"demucs": false,
"is_separated": true,
"sepreformer": false,
"words": [
{
"word": "Oh,",
"start": 8.48,
"end": 8.825000000000001,
"score": 0.766
by
{
"word": "great.",
"start": 8.906,
"end": 9.292,
"score": 0.951
by
{
"word": "Now,",
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364
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367
368
369
370
371
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373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
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411
412
413
414
415

416

417
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"start": 9.678,
"end": 9.759,
"score": 0.146
I
{
"word": "hold",
"start": 9.779,
"end": 9.881,
"score": 0.504
by
{
"word": "on",
"start™: 9.941,
"end": 10.002,
"score": 0.515
by
{
"word": "one",
"start": 10.063,
"end": 10.144,
"score": 0.348
by
{
"word" :
"start":
"end": 10.327,
"score": 0.295
I
{
"word":
"start":
"end":
"score":
by
{
"word":
"start":
"end":
"score":
I
{
"word": "go"
"start": 10.896,
"end": 10.997,
"score": 0.406
I
{

"second",

"there.",

0.322

"Don’t",
10.733,

10.875,

0.69

"word": "away.",

"start": 11.017,
"end": 11.22,
"score": 0.513

"start":
"end":
"text":
"text_whisper":
"text_parakee
"text_canary":
"speaker":
"language": "en",
"demucs": false,
"is_separated":
"sepreformer":
"words": [
{

"word": "Hello?",

"start": 12.4,

"end": 13.461,

"score": 0.415

12.4,
13.44,
"Hello?",

"Hell

"start":
"end":
"text":

14.48,
"Sheldon,

"text_whisper":
clock. I’'ve got
oy

"text_parakeet":
three o’clock.
you. Ira.",

"text_canary":

"Sheldon,

10.165000000000001,

10.347000000000001,
10.693000000000001,

"Hello?",
": "Hello?",

o",

"SPEAKER_O1",

true,
false,

18.080000000000002,
call me after 3
’ve got great news
"Sheldon,

for you. Ira...
call me

great news for you

I've got great news

after

call me afte

. Ira

-
for

"Shelton McCoomy at three o’




419
420
421
422
423
424
425
426
427
428
429
430
431
432

434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475

477
478
479
480
481
482
483
484
485
486
487
488
489

491
492
493
494
495
496
497
498
499
500
501
502
503
504

"speaker":
"language":
"demucs":
"is_separated": true,
"sepreformer":
"words": [

clock got great news for you Irum",
"SPEAKER_01",

"en",
false,

false,

{
"word": "Sheldon,",
"start": 14.48,
"end": 15.046000000000001,
"score": 0.336
by
{
"word": "call",
"start": 15.067,
"end": 15.208,
"score": 0.237
by
{
"word": "me",
"start": 15.228,
"end": 15.329,
"score": 0.714
by
{
"word": "after",
"start": 15.39,
"end": 15.552,
"score": 0.484
by
{

"word": "3",

"start": 15.572000000000001,
"end": 15.754000000000001,
"score": 0.444

"word": "o’clock.",

"start": 15.774000000000001,
"end": 16.017,

"score": 0.782

"word": "I’ve",

"start": 16.037,

"end": 16.118000000000002,
"score": 0.003

"word": "got",
"start": 16.138,
"end": 16.199,
"score": 0.242

"word": "great",
"start": 16.219,
"end": 16.401,
"score": 0.784

"word": "news",

"start": 16.442,

"end": 16.624000000000002,
"score": 0.566

"word": "for",
"start": 16.664,
"end": 16.806,
"score": 0.624

I

{
"word": "you.",
"start": 16.846,
"end": 17.008,
"score": 0.733

by

{
"word": "Ira...",

"start": 17.615000000000002,
"end": 18.1,
"score": 0.818

505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529

530

531

532

533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
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{

e

{

"start": 18.88,
"end": 19.12,
"text": "Yes.",
"text_whisper": "Yes.",
"text_parakeet": "Yeah.",
"text_canary": "Yeah",
"speaker": "SPEAKER_00",
"language": "en",
"demucs": false,
"is_separated": true,
"sepreformer": false,
"words": [
{
"word": "Yes.",

"start": 18.88,
"end": 19.144,
"score": 0.471

1

"start"™: 18.96,

"end": 33.28,

"text": "So uh listen, Tony if the phone
rings, take it in the back and then
tell me then come out and tell me who
it is. is. Just Just say Joe’s being
with a camera crew. Just for about 10
minutes. We’ll do about five minutes,
ten minutes, right, Irv?",

"text_whisper": "So, listen, Tony, if the
phone rings, take it in the back, and
then come out and tell me who it is.
Just say Joe’s being with a camera crew

Just for about ten minutes. We’ll do
about five minutes, ten minutes, right,
Iris?",

"text_parakeet": "So listen, Tony. If the
phone rings, take it in the back and
tell me, then come out and tell me who
it is. Just say Joe’s being with a
camera crew. Just for about 10 minutes.

We’1ll do about five minutes, ten
minutes, right, Ivory?",

"text_canary": "So uh listen Tony if the
phone rings take it in the back and
then tell me then come out and tell me
who it is Jjust say just say Joe’s being

with the camera crew just for about 10
minutes we’ll do a five minute ten
minutes right Irv?",

"speaker": "SPEAKER_ 01",

"language": "en",

"demucs": true,

"is_separated": true,

"sepreformer": false,
"words": [
{
"word": "So,",

"start": 18.96,
"end": 19.983,

"score": 0.798

I

{
"word": "listen,",
"start": 20.685000000000002,
"end": 20.905,
"score": 0.823

by

{
"word": "Tony,",
"start": 20.946,
"end": 21.186,
"score": 0.799

I

{
"word": "if",
"start": 21.928,
"end": 22.029,
"score": 0.914

by

{
"word": "the",
"start": 22.069000000000003,

"end": 22.169,
"score": 0.872
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598
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640
641
642
643
644
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646
647
648
649
650
651
652
653
654

rd": "phone",
t": 22.229,
22.51,

"score": 0.66

"rings, ",
t 22.57,

: 22.851,

> 0.851

"in",

start 23.894000000000002,
end": 23.934,
¢ 0.989

"end": 24.034,

am" .

"and",

£": 25.157,
25.438000000000002,
e": 0.708

n

" hen",
: rt": 25.839,
"end": 26.02,
o 0.77

s ,

£": 26.521,

26.581000000000003,
0.993

"me",

26.762,
26.822000000000003,
0.966

"who'",
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683
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start": 26.862000000000002,
ncd": 26.962000000000003,
5 2" 0.963

" o"it",
": 27.002000000000002,
"end": 27.043,
Y 0.879

n on

: "say",
" 27.343,
27.444000000000003,
~": 0.782

i "being",
-": 28.567,
28.767000000000003,
": 0.883

’

": 29.389000000000003,
29.409,
=": 0.432

"y
Ccr

w.",
-": 29.810000000000002,

30.011000000000003,
": 0.585

>rd": "Just",

": 30.633000000000003,
30.773000000000003,
~": 0.973




742 }, 829 }

743 { 830 ]

744 "word": "minutes.", 831 Y,

745 "start": 31.254, 832 {

746 "end": 31.535, 833 "start": 40.08,

747 "score": 0.69 834 "end": 41.04,

748 Yy, 835 "text": "Well you know what?",

749 { 836 "text_whisper": "Well, you know what?",
750 "word": "We’1l1l", 837 "text_parakeet": "Well you know what?",
751 "start": 31.555, 838 "text_canary": "Well you know what",

752 "end": 31.816000000000003, 839 "speaker": "SPEAKER_02",

753 "score": 0.449 840 "language": "en",

754 }, 841 "demucs": true,

755 { 842 "is_separated": true,

756 "word": "do", 843 "sepreformer": false,

757 "start": 31.836, 844 "words": [

758 "end": 31.956000000000003, 845 {

759 "score": 0.81 846 "word": "Well,",

760 }, 847 "start": 40.08,

761 { 848 "end": 40.455999999999996,

762 "word": "about", 849 "score": 0.865

763 "start": 31.976, 850 },

764 "end": 32.077, 851 {

765 "score": 0.188 852 "word": "you",

766 by 853 "start": 40.477,

767 { 854 "end": 40.539,

768 "word": "five", 855 "score": 0.823

769 "start": 32.117000000000004, 856 },

770 "end": 32.317, 857 {

771 "score": 0.854 858 "word": "know",

772 by 859 "start": 40.58099999999999¢6,

773 { 860 "end": 40.684999999999995,

774 "word": "minutes,", 861 "score": 0.822

775 "start": 32.357, 862 Y,

776 "end": 32.538, 863 {

777 "score™: 0.359 864 "word": "what?",

778 }, 865 "start": 40.79,

779 { 866 "end": 41.061,

780 "word": "ten", 867 "score": 0.358

781 "start": 32.578, 868 }

782 "end": 32.698, 869 ]

783 "score": 0.858 870 Y,

784 }, 871 {

785 { 872 "start": 41.6,

786 "word": "minutes,", 873 "end": 49.68,

787 "start": 32.718, 874 "text": "Great Great thing about starting a
788 "end": 32.919, new show is utter anonymity. Nobody
789 "score": 0.925 really knows what to expect from you.",
790 }, 875 "text_whisper "Great thing about starting
791 { a new show is utter anonymity. Nobody
792 "word": "right,", really knows what to expect from you.",
793 "start": 32.939, 876 "text_parakeet": "Great thing about starting
794 "end": 33.079, a new show is utter anonymity. Nobody
795 "score": 0.728 who really knows what to expect from
796 }, you.",

797 { 877 "text_canary": "The great thing about

798 "word": "Iris?", starting a new show is utter anonymity.
799 "start": 33.099000000000004, Nobody really knows what to expect
800 "end": 33.3, from you.",

801 "score": 0.277 878 "speaker": "SPEAKER_02",

802 } 879 "language": "en",

803 ] 880 "demucs": true,

804 Y, 881 "is_separated": true,

805 { 882 "sepreformer": false,

806 "start": 33.2, 883 "words": [

807 "end": 33.6, 884 {

808 "text": "That’s right.", 885 "word": "Great",

809 "text_whisper": "That’s right.", 886 "start": 41.6,

810 "text_parakeet": "Yep.", 887 "end": 42.042,

811 "text_canary": "That’s fair", 888 "score": 0.86

812 "speaker": "SPEAKER_00", 889 },

813 "language": "en", 890 {

814 "demucs": true, 891 "word": "thing",

815 "is_separated": true, 892 "start": 42.062000000000005,

816 "sepreformer": false, 893 "end": 42.203,

817 "words": [ 894 "score": 0.797

818 { 895 },

819 "word": "That’s", 896 {

820 "start": 33.2, 897 "word": "about",

821 "end": 33.444, 898 "start": 42.243,

822 "score": 0.426 899 "end": 42.384,

823 }, 900 "score": 0.898

824 { 901 },

825 "word": "right.", 902 {

826 "start": 33.489000000000004, 903 "word": "starting",

827 "end": 33.622, 904 "start": 42.424,

828 "score": 0.164 905 "end": 42.685,
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951
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953
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956
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959
960
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"score": 0.591

"word": "a
"start": 42.705,
"end": 42.726,
"score": 0.669

"
’

"word": "new",
"start": 42.766,
"end": 42.866,

"score": 0.486

"word": "show",
"start": 42.906,
"end": 43.107,
"score": 0.976

"word": "is",
"start": 43.128,
"end": 43.369,
"score": 0.715

"word": "utter",

"start": 43.409,

"end": 44.233000000000004,
"score": 0.718

"word": "anonymity.",
"start": 44.273,
"end": 45.298,
"score": 0.852

"word": "Nobody",
"start": 46.866,
"end": 47.107,
"score": 0.66

"word": "really",
"start": 47.147,
"end": 47.268,
"score": 0.245

"word": "knows",
"start": 47.288000000000004,
"end": 47.469,

"score": 0.63

"word": "what",
"start": 47.57,
"end": 47.75,

"score": 0.788

"word": "to",
"start": 47.771,
"end": 47.871,
"score": 0.827

"word": "expect",

"start": 47.931000000000004,
"end": 48.313,

"score": 0.832

word": "from",
"start": 48.353,
"end": 49.399,
"score": 0.958

"word": "you.",
"start": 49.459,
"end": 49.7,
"score": 0.861

993
994
995
996
997

998

999
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1021
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1024
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1038
1039
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1041
1042
1043
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1061
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1063
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"start": 50.64,
"end": 53.04,
"text": "This interviewee did not know us
from Adam.",
"text_whisper "This interviewee did not
know us from Adam.",
"text_parakeet": "This interviewee did not
know us from Adam.",
"text_canary": "This interviewee did not
know us from Adam",
"speaker": "SPEAKER_02",
"language": "en",
"demucs": true,
arated": true,
>rmer": false,
"words": [
{
"word": "This",
"start": 50.64,
"end": 50.864,
"score": 0.856

"is_se

"sepre

"word": "interviewee",
"start": 50.904,

"end": 51.352000000000004,
"score": 0.837

"word": "did",
"start": 51.393,
"end": 51.494,
"score": 0.847

"word": "not",

"start": 51.535000000000004,
"end": 51.637,
"score": 0.989

"word": "know",
"start": 51.698,
"end": 51.86,
"score": 0.847

"word": "us",
"start": 51.982,
"end": 52.064,
"score": 0.98

"word": "from",
"start": 52.206,
"end": 52.409,
"score": 0.956

"word": "Adam.",
"start": 52.43,
"end": 53.06,
"score": 0.447

"start"™: 54.96,

"end": 63.04,

"text": "Okay, well what? About a minute. We
're one minute five into the new show
right now. it is stretching in front of

us. The perfect future.",

"text_whisper": "Okay, well, what? About a
minute. We’re one minute five o the
new show right now. It is stretching in

front of us. The perfect future.",

"text_parakeet": "Okay, well what? About a
minute. We’re one minute five into the
new show. Right now, it is stretching
in front of us. A perfect future.",

"text_canary": "Okay well what about a
minute well one minute five into the
new show right now it is stretching in
front of us a perfect future",
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1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150

true,
false,

"Okay, ",
54.96,
55.462,

0.22

a": "well,",

£": 55.483000000000004,
55.583,

e': 0.241

n. >n

"what?",
rt": 55.603,
": 55.804,

e 0.764

" d": "minute.",

" ©": 56.407000000000004,
" 56.648,

" 0.943

1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169

282

"end": 58.538000000000004,

" 0.791
}
{
: "right",
s ": 58.578,
"end": 59.502,
" re: 0.883
}
{

n

dam. "r

: wow. ",
rt": 59.543,

": 59.724000000000004,
- 0.982




10°

107t
X
A
[a e
L
= 1072
a
—— ensemble (n=2620)
10° —— ensemble + RF (n=2620)
—— ensemble + RF + GER (n=2620)
1072 107t 10° 10!
WER threshold x
(a) librispeech-test-clean
10°
107t
—
<
A
i
E 1072
o
T ensemble (n=2939)
10 —— ensemble + RF (n=2939)
—— ensemble + RF + GER (n=2939)
1072 107t 10°
WER threshold x
(b) librispeech-test-other
10°
-1
< 10
A
o
w
=
a 1072
—— ensemble (n=1142)
—— ensemble + RF (n=1142)
103 —— ensemble + RF + GER (n=1142)

1071 10°
WER threshold x

(c) TEDLIUM3 test

Figure 5: GER effect on the WER tail (complemen-
tary CDF, log-log). The green ensemble and purple
ensemble + RepetitionFilter curves over-
lap closely, whereas the teal ensemble + RF +
GER curve is shifted right at every threshold — zero-
shot GER makes the tail heavier, not lighter.
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Figure 6: WER comparison by method, SIR, and overlap ratio for both speakers. Top: WER as a function of SIR
(dB). Bottom: WER as a function of overlap ratio. Methods include Baseline (mixed), Separation, and Oracle.

Error bars represent standard deviation.

Speaker 2 - by SIR

—4— Baseline (Mixed)
——$— Separation
——$— Oracle (Upper Bound)

/

4 6
SIR (dB)
Speaker 2 - by Overlap Ratio

—#— Baseline (Mixed)

—#— Separation
—#— Oracle (Upper Bound)

/

0.4

0.6 0.8 1.0

Overlap Ratio

0.2

Religion Spirituality

12.3%

Education

7.3%

News

7.0%

Entertainment
5.6%
Interview

Business

Lifestyle
16.6%

25.9%

Others

Figure 9: Category-wise statistics of the dataset used for Moshi fine-tuning experiments.
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Figure 10: Visualization of preprocessing results for a 1-
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minute audio clip using a mel-spectrogram.



