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Abstract
Current target speaker extraction (TSE) systems achieve re-
markable performance on synthetic datasets like LibriMix and
WSJMix. However, their effectiveness in real conversational
scenarios, where the cocktail party problem is most prevalent,
remains largely unexplored. In this paper, we conduct a com-
prehensive analysis of several speaker diarization datasets and
introduce REAL-T, the first conversation-centric dataset specif-
ically designed for TSE in real-world conditions. Our eval-
uations reveal significant performance degradation of existing
TSE models on this dataset, highlighting the unaddressed com-
plexity of real-world speech extraction. To facilitate controlled
benchmarking, we define two subsets: BASE and PRIMARY,
ensuring more manageable yet challenging evaluation settings.
Index Terms: Real-world, conversational, target speaker ex-
traction, dataset, REAL-T

1. Introduction
While datasets like LibriMix [1] and WSJMix [2] are standard
for speech separation (SS) [3, 4] and target speaker extraction
(TSE) [5–10], their synthetic construction introduces key devi-
ations from the real-world. Unlike natural recordings, where
concurrent voices share the similar acoustic environment, sim-
ulated mixtures combine utterances under different conditions,
disrupting loudness relationships. Additionally, the lack of real
reverberation and ambient noise results in an unnatural acous-
tic signature. More critically, these datasets primarily feature
read speech from fixed texts, missing the spontaneous interac-
tions and reactive overlaps that characterize real conversational
settings and pose key challenges in the cocktail party problem.

To alleviate the above limitation, some works like REAL-
M [11] and LibriCSS [12] propose to simulate natural
speech overlaps through controlled recording setups: REAL-M
achieves this by asking multiple speakers reading different Lib-
riSpeech texts in shared acoustic environments; LibriCSS in-
voloves simultaneous playback and re-recording of pre-existing
isolated utterances. However, both datasets still cannot fully
capture the characristics of real conversations. For example,
meeting scenarios typically involve speakers engaging intermit-
tently over extended durations, with sporadic utterances, vary-
ing speaker turns, and natural speech overlaps. Moreover, these
two datasets do not provide separate audios for target speaker
registration, making it unsuitable for direct use in TSE research.
Conversely, speaker diarization datasets naturally capture real
conversational dynamics, providing both overlapping speech
and sufficient non-overlapping segments that can be utilized for
target speaker registration.
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Building on these insights, we analyzed existing speaker di-
arization datasets and developed an automated filtering pipeline
to segment data while preserving semantic completeness, gener-
ating realistic mixtures and the corresponding enrollment utter-
ances. The obtained REAL-T is the first conversational-centric
TSE dataset, characterized by the following key features:
• Multi-lingual: Mandarin and English data are included.
• Multi-Genre: It covers diverse scenarios and styles.
• Multi-Enrollment: Each target speaker is associated with

multiple enrollment utterances for improved generalization.
During the construction process of our dataset, we identi-

fied several real-world challenges that are rarely considered in
the existing simulated data, including:
• Most speakers overlap infrequently, and fully overlapping

cases are rare.
• Some speakers exhibit frequent but non-continuous speaking

patterns, increasing the complexity of the task.
• Conversational speech, especially in meetings, often consists

of short-term segments, making extraction harder.
• Environmental noise and non-speech vocalizations, such as

laughter and humming, further complicate speech extraction.
Due to the complex of real-world scenarios, we observed

that the selected systems often perform extremely bad. To fa-
cilitate meaningful evaluation, we filtered out outlier samples
and created BASE and PRIMARY test sets from a more man-
ageable subset of the original collected data. Additionally, we
provide comprehensive metadata for the full dataset, including
information such as gender and enrollment details, enabling re-
searchers to conduct more detailed analyses and investigations1.

2. Dataset
2.1. Corpus selection

Although various real-world conversational datasets [13–22]
are available for speaker diarization, constructing a publicly
accessible TSE dataset from these resources is not straightfor-
ward. These challenges stem from data licensing restrictions,
sparse speaker interactions, and the lack of high-quality tran-
scriptions. Our aim is to develop a diverse TSE dataset that
ensures high-quality ASR transcriptions. To this end, we se-
lected public available datasets including AISHELL-4 [13], Al-
iMeeting [14, 15], AMI [16], CHiME6 [17], and DipCo [18],
utilizing only their test set. Detailed information of these se-
lected datasets is shown in Table 1, where the overlap percent-
ages (ovl) are computed using the diarization utils toolkit2.

1https://real-tse.github.io
2https://github.com/BUTSpeechFIT/diarization_

utils/blob/main/compute_ratios.py
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Table 1: Information of corpus for constructing REAL-T.
Corpus #Files #Spk #Hours Ovl (%) Characteristics

AliMeeting 20 2-4 10.8 20.36 Meeting, Mandarin
AISHELL-4 20 5-7 12.7 4.95 Meeting, Mandarin

AMI 16 3-4 9.1 14.58 Meeting, English
DipCo 5 4 2.6 27.48 Dinner, English

CHiME6 2 4 5.2 33.92 Dinner, English

2.2. Data preprocessing

2.2.1. Audio

To capture overlapping speech, we use the first microphone
channel for AISHELL-4, AliMeeting, and AMI. For CHiME-
6 and DipCo, which feature spatially distributed microphone
arrays, we average all channels to produce a single-channel
recording that integrates conversations from different regions.

2.2.2. Transcriptions

Original transcripts often contain various tags (e.g. [noise],
[laugh], [inaudible], [redacted], etc.) and extraneous punctu-
ation (e.g., !, ?, etc.), which introduce challenges when com-
puting ASR metrics. Therefore, we employ Whisper-large-v2
normalizer to further standardize the transcripts. The final pro-
cessed annotations are structured in a format akin to RTTM
while enriching with detailed transcript information.

2.3. Construction of TSE data

2.3.1. Mixture utterances

To ensure semantic completeness, we generate mixture utter-
ances directly from the original long recordings, focusing only
on overlapping segments with a cumulative overlap duration of
at least 5 seconds. The extraction process is as follows:

1. Sort: Arrange segments in ascending order of start time.
2. Check for Overlaps: Iterate through the sorted segments and

detect overlaps using timestamps.
3. Merge Overlapping Segments: If overlaps are detected,

merge the segments into a single, semantically complete one
and re-check for further overlaps (Back to Step 2).

4. Calculation: If no further overlaps are found, mark as a new
mixture utterance and compute the statistics such as overlap
duration, start time, end time, and total duration.

The distribution of mixture utterance duration for our se-
lected results is shown in Figure 1. Most utterances are under
50 seconds, with few exceeding 100 seconds. To maintain con-
sistency, these outliers were excluded from the final dataset.

2.3.2. Enrollment utterances

Enrollment utterances are extracted from the original non-
overlapping segments. To ensure sufficient speech content for
reliable speaker enrollment, each selected utterance is at least
5 seconds long. To capture enrollment variability and to pre-
vent imbalance, up to five utterances per speaker are randomly
selected. If fewer than five are available, all will be used.

3. Experiments
3.1. Configuration

We first use an open-source TSE system to validate the con-
structed dataset. Specifically, we employ the BSRNN-based
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Figure 1: Probability density distribution of mixture utterances
duration across different datasets.

TSE model from WeSep3 [23], trained on the VoxCeleb1 dataset
[24]. Since the ground truth for clean sources is unavailable, we
evaluate ASR performance on the extracted speech using token
error rate (TER), where the token refers to Mandarin charac-
ters and English words, respectively. For English, we utilize
Whisper-large-v24 [25], and for Mandarin, FireRedASR-AED-
L5 [26]. All transcriptions are normalized using the normalizer
provided by Whisper-large-v2.

3.2. BASE Test Set

The BASE test set is a filtered dataset designed for robust ASR
evaluation. To define selection criteria, we analyzed ASR per-
formance on speech extracted by the TSE system, focusing on
the relationship between TER and the target speaker’s propor-
tion in the mixture utterance.
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Figure 2: Avg. TER vs. speaker proportion.

As shown in Figure 2, we divided the speaker proportion
into ten intervals (0-10%, 10-20%, ..., 90-100%) and found that
ASR performance improves significantly as the target speaker’s
proportion increases. However, performance is extremely poor
when the proportion is below 20%. Additionally, some target
speakers did not produce actual words but instead laughed or
hummed. To ensure meaningful speech content, we included
only target speakers with a proportion above 20% and further
filtered out those whose ground truth transcript contained five or
fewer English words or Chinese characters. It’s also worth not-
ing from Table 2 that BSRNN-based TSE model ’s performance
on BASE test set is extremely poor. This high difficulty makes
it challenging to effectively evaluate the TSE model. Therefore,
based on the analysis of the BASE Test Set, we propose con-
structing a new, more suitable subset for effective evaluation.

3https://github.com/wenet-e2e/WeSep
4https://huggingface.co/openai/

whisper-large-v2
5https://github.com/FireRedTeam/FireRedASR

1924



Table 2: Avg. TER (%) on BASE and PRIMARY test sets

Language Source BASE PRIMARY

Chinese
AISHELL-4 96.37 40.87
AliMeeting 117.25 65.97

Overall 109.67 57.61

English

AMI 104.30 50.33
CHiME6 145.37 92.46

DipCo 185.37 61.97
Overall 124.25 69.63

3.3. PRIMARY Test Set

Furthermore, we create a PRIMARY Test set by only consid-
ering the primary speaker (i.e., the speaker with the maximum
duration proportion) in each mixture utterance of the BASE test
set, where the duration of each utterance is limited to 30 sec-
onds. We take it as the main test set for current REAL-T6.

3.3.1. Statistics of PRIMARY

The PRIMARY subset statistics are summarized in Table 3,
with a total mixture duration of 156.03 minutes and a 70.26
minute overlap. The distributions of mixture ratio and speaker
proportion are shown in Figure 3.
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Figure 3: Distribution of overlap ratio and speaker proportion

3.3.2. Impact of number of speakers in mixture utterance

Table 4 presents statistics on the number of speakers in mix-
tures within the PRIMARY test set. As the number of speak-
ers in a mixture utterance increases, the difficulty of extraction
also rises, with the 5-speaker scenario being an exception due
to having only a single utterance. It is worth noting, however,
that the data for the 2-speaker is also relatively scarce, with the
majority of mixtures in the PRIMARY test set focusing on 3-4
speaker scenarios, reflecting the challenging nature of this test
set in real-world environments.

3.3.3. Impact of different enrollment utterances

Figure 4 Box plot distribution of TER standard deviation across
different enrollment utterances for the same speaker, cate-
gorized by source. It is evident that the choice of enroll-
ment utterance significantly influences the extraction perfor-
mance, especially in AISHELL-4, CHiME6, DipCo datasets.
To investigate the large variance from the perspective of
speaker embeddings, we computed the similarity between dif-
ferent enrollment utterances using the WeSpeaker toolkit [27,
28]7. For example, in the case of the mixture utterance

6The current version is designed at a moderate level of difficulty
7https://github.com/wenet-e2e/wespeaker

S R003S04C01 mixture 1176.25 1185.92, Its target
speaker 005-M. Among the five enrollment utterances, the
best-performing ones resulted in a TER of 44.44%, while the
worst led to 129.63%. This difference could be attributed to the
higher background noise in the poorer-quality enrollment utter-
ances. Furthermore, the speaker embeddings from the better-
performing utterances showed about 50% similarity to those as-
sociated with the poor extraction results.
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Figure 4: Distribution of the standard deviation of TER (%)
across different enrolments for the same target speaker

3.3.4. Evaluation of existing methods

We then evaluated the performance of several recently pro-
posed TSE models on the REAL-T-PRIMARY test set, includ-
ing BSRNN [29], BSRNN HR [30], USEF-TFGridnet [31],
and TSELM-L [32] models, which were pretrained on different
datasets. All systems are re-implemented using WeSep [23] ex-
cept for TSELM-L, for which we directly use the official check-
point8. The results of the evaluation are shown in Table 5.

Interestingly, the TSELM-L model, which is based on a
generative approach, exhibits quite poor results, especially on
the Chinese portion. We checked some of the extracted samples
and found that even when the mixture and enrollment speech
are Chinese, the extracted speech sounds like English pronunci-
ation but is not interpretable. This phenomenon, to some extent,
reflects the strong language dependency of generative methods.

For the BSRNN and BSRNN HR models trained on Vox-
Celeb1, we observed that their performance was comparable on
the simulated dataset Libri2Mix-360, but significantly better on
REAL-T—a real-world, out-of-domain dataset—compared to
models trained on Libri2Mix. This aligns with the results pre-
sented in [23]. Additionally, when comparing the two mod-
els trained on Libri2Mix-100, Libri2Mix-360 and VoxCeleb1,
namely BSRNN and BSRNN HR, we found that BSRNN HR
generally outperformed BSRNN.

Although USEF-TFGridnet9 performed well on simulated
datasets, its performance on the real-world REAL-T dataset was
notably poor, indicating overfitting to Libri2Mix-100. From Ta-
ble 2, it is evident that the performance on CHiME6 and DipCo
datasets is the worst, both in the BASE and PRIMARY test sets.
This is likely due to the Dinner Party scenario being more chal-
lenging than meeting scenarios, with more noise, complex en-
vironments, and multi-room conditions, which make extraction
more difficult.

8https://www.modelscope.cn/datasets/wenet/
wesep_pretrained_models/

9The training for this model is extremely slow, thus we only show
the results on Libri2Mix-100
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Table 3: Statistics for the PRIMARY test set
Lang: Language (zh for Chinese, en for English); T. Dur (min): Total mixture utterance duration (minutes); Ovl Dur (min): Total overlap duration in
mixture utterances (minutes); # Utt: Total number of mixture utterances; Avg. Ovl. Ratio: Average overlap ratio per mixture utterance; # Test: Total

number of test samples.

Category Source Lang T. Dur (min) Ovl Dur (min) # Utt Avg. Ovl. Ratio # Test

By source

AISHELL-4 zh 10.37 5.18 46 0.53 240
AliMeeting zh 52.64 22.31 162 0.45 481
AMI en 42.22 17.15 122 0.42 592
CHiME6 en 26.67 15.44 123 0.61 545
DipCo en 24.13 10.18 75 0.44 133

By language

Overall Total – 156.03 70.26 528 0.49 1991
English (en) en 93.02 42.77 320 0.50 1270
Chinese (zh) zh 63.01 27.49 208 0.47 721

Table 4: Avg. TER (%) & Duration by Lang. & Speaker Count

Spk # Lang Avg. (%) Dur (min) Ovl (min)

2 en 43.47 5.37 1.99
zh 27.75 3.11 1.27

3 en 58.22 30.57 13.12
zh 42.57 15.67 6.80

4 en 78.69 57.07 27.66
zh 73.28 44.00 19.32

5 zh 32.56 0.23 0.1

Table 5: Comparison of model performance on the simulated
Libri2Mix and PRIMARY test set. The best TERs are in bold.

Model Training data Libri2Mix PRIMARY Test set
SI-SDR(dB) zh(%) en(%)

TSELM-L Libri2Mix-360 / 331.73 192.39

USEF-TFGridnet Libri2Mix-100 18.05 67.98 87.27

BSRNN
Libri2Mix-100 12.95 81.74 91.20
Libri2Mix-360 16.57 69.80 73.61

VoxCeleb1 16.50 57.61 69.63

BSRNN HR
Libri2Mix-100 15.91 70.03 78.96
Libri2Mix-360 17.99 63.38 74.64

VoxCeleb1 16.38 58.77 66.46

3.3.5. Example analysis

The dataset we constructed poses significant challenges, as it
includes real-world scenarios with substantial overlap between
speakers. For instance, in the PRIMARY test set, the Mixture
segment EN2002a mixture 0.00 25.26 was processed
using BSRNN, yielding average speaker extraction accura-
cies of 311.11%, 201.19%, 31.58%, and 89.70% for speakers
FEO070, MEE071, MEE073, and FEO072, respectively. De-
spite the presence of two male and two female speakers, only
one male and one female speaker were effectively extracted.
Among them, MEE073 demonstrated the best performance,
while FEO072 exhibited suboptimal results. As illustrated in
Figure 5, although MEE071 is the primary speaker, its extrac-
tion was predominantly comprised of MEE073’s speech due
to the latter’s higher initial proportion. Furthermore, FEO070
had the lowest speaker ratio, while FEO072—despite having a

higher overall proportion—had most of its speech concentrated
toward the end of the mixture. Both cases presented signifi-
cant challenges for extraction. These findings underscore the
challenging of real-world TSE, where performance often drops
significantly compared to simulated data.
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Figure 5: Example of mixture utterance

4. Conclusion

In this study, we introduced REAL-T, a real conversational
dataset for target speaker extraction, constructed from the well-
known speaker diarization datasets. We defined BASE and PRI-
MARY test sets to balance performance and complexity. Exper-
iments on REAL-T-PRIMARY reveal significant performance
degradation in existing TSE models, highlighting the limitations
of the existing simulated data. To advance related research, all
datasets, benchmarks, and metadata will be open-sourced.
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