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Abstract
We propose a self-speaker adaptation method for streaming
multi-talker automatic speech recognition (ASR) that elimi-
nates the need for explicit speaker queries. Unlike conventional
approaches requiring target speaker embeddings or enrollment
audio, our technique dynamically adapts individual ASR in-
stances through speaker-wise speech activity prediction. The
key innovation involves injecting speaker-specific kernels gen-
erated via speaker supervision activations into selected ASR
encoder layers. This enables instantaneous speaker adaptation
to target speakers while handling fully overlapped speech even
in a streaming scenario. Experiments show state-of-the-art per-
formance in both offline and streaming scenarios, demonstrat-
ing that our self-adaptive method effectively addresses severe
speech overlap through streamlined speaker-focused recogni-
tion. The results validate the proposed self-speaker adaptation
approach as a robust solution for multi-talker ASR under severe
overlapping speech conditions.
Index Terms: Multi-talker ASR, Multi-speaker ASR, Target-
speaker ASR, Streaming ASR

1. Introduction
Recent advancements in Automatic Speech Recognition (ASR),
driven by improved architectures and larger training datasets,
have significantly advanced the field. Concurrently, interest
in multi-talker ASR has grown, particularly for applications
such as analyzing natural conversations, developing voice as-
sistants, and transcribing speech in health and legal contexts.
Although this task is referred to by various terms—such as
multi-talker ASR, multi-speaker ASR, or sometimes speaker-
attributed ASR—the core challenge remains the same. Regard-
less of the terminology, transcribing speech signals in the pres-
ence of overlapping speech from multiple speakers is a demand-
ing task, as ASR systems need to handle significantly increased
variability.

Since the early days of ASR research, one of the most sig-
nificant challenges for ASR systems has been modeling intrin-
sic and extrinsic variability in speech, often caused by speaker-
specific factors such as accent, age, or gender. To tackle these
challenges, speaker adaptation techniques were developed to
address these variations. These techniques include the use of
auxiliary speaker embeddings [1], such as i-vectors [2], which
represent speaker-specific traits and are integrated as additional
features. Other methods involved feature transformation tech-
niques, such as feature-space maximum likelihood linear re-
gression (fMLLR) [3] and vocal tract length normalization
(VTLN) [4], which aim to generate speaker-independent fea-
tures. Additionally, model-based adaptation techniques, such as
learning hidden unit contributions (LHUC) [5] or linear trans-

Figure 1: Speaker injection at pre-encode layer of Fast Con-
former encoder.

forms applied to neural network layers [6, 7], were employed to
capture speaker variability within the acoustic modeling frame-
work. More recently, speaker adaptation techniques have been
extended to end-to-end ASR models [8, 9].

In multi-talker scenarios, handling frequent overlapped
speech poses a significant challenge. To address this, speaker
diarization systems are commonly employed to detect and sep-
arate the speech of individual speakers. The separated seg-
ments are then passed to a single-speaker ASR model for tran-
scription [10]. Techniques such as guided source separation
(GSS) are often used to estimate spectral masks [11], facilitat-
ing the separation process. A major breakthrough in end-to-end
multi-speaker ASR was achieved with the introduction of Se-
rialized Output Training (SOT) in [12]. Unlike earlier multi-
talker ASR systems [13, 14], which relied on multiple encoders
or heads, SOT serializes overlapped speech, enabling the multi-
head self-attention mechanism [15] to align speech signals with
their corresponding tokens effectively. Subsequent advance-
ments have led to numerous improved versions of the SOT ap-
proach [16, 17, 18].

In parallel, speaker-attributed ASR [19] has significantly
improved ASR performance for overlapped multi-talker speech.
Recently, alignment-free training (AFT) [20] has shown that
high performance can be achieved without explicit alignment by
training and predicting each speaker’s speech separately. These
advancements mark substantial progress in multi-talker ASR.

In this paper, we propose a self-speaker adaptation (SSA)
technique that can be effectively repurposed for multi-talker
automatic speech recognition (ASR). A common challenge in
single speaker streaming ASR systems is their tendency to pri-
oritize a specific speaker—often the one closest to the micro-
phone or the first to appear—while disregarding other speak-
ers in multi-talker scenarios. This behavior arises from the en-
coder states being optimized to maximize accuracy for a par-
ticular speaker, which poses a significant challenge when fine-
tuning a single-speaker ASR model for multi-talker applica-
tions. Specifically, the fine-tuned model must undergo sub-
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stantial weight adjustments to counteract this inherent bias and
achieve balanced recognition across all speakers.

On the contrary, we leverage this mechanism in reverse
to reinforce the propensity of adhering to a specific speaker.
Our proposed technique achieves this by injecting a learn-
able speaker kernel into the pre-encode layer of the ASR en-
coder [21]. This enables the ASR encoder to detect speech pres-
ence and utilize the speech kernel to adapt the encoder states
dynamically. As a result, the encoder becomes more responsive
to the targeted speaker’s speech characteristics. However, this
approach requires deploying one model instance per speaker,
meaning the number of model instances must match the num-
ber of speakers. While this necessitates additional computa-
tional resources, it significantly enhances multi-talker ASR per-
formance, achieving state-of-the-art error rates on benchmark
datasets for multi-talker ASR.

Unlike traditional speaker adaptation methods that rely on
external speaker representations, such as i-vectors [2, 1] or neu-
ral speaker embeddings [19], our technique depends solely on
the speech activity of a specific speaker. For this reason, we
refer to our method as self-speaker adaptation. In the experi-
mental section, we compare our proposed method with baseline
single-speaker ASR models and other studies reported on the
same benchmark datasets, evaluating performance in both of-
fline and streaming multi-talker ASR scenarios.

2. Proposed Method
Typically, target-speaker ASR systems rely on target speaker
embeddings or enrollment audio to extract and utilize speaker-
specific information from multi-talker utterances. However, the
performance of such systems is highly dependent on the qual-
ity of the provided queries. For instance, a clean and noise-free
query audio is generally preferred to achieve optimal results in
target-speaker ASR tasks. In this work, we introduce a novel
SSA approach that enables the model to adapt to a specific
speaker using only the corresponding speech activities, elimi-
nating the need for high-quality external queries. This method
leverages the inherent speaker characteristics present in the in-
put audio, allowing the model to dynamically adjust its focus
to better recognize the target speaker’s speech. By doing so,
our approach reduces the dependency on external resources and
enhances the robustness of the system in real-world scenarios
where high-quality queries or speaker representations may not
always be available.

2.1. Self-Speaker Adaptation

As illustrated in Figure 1, our proposed method incorporates
a speaker injection module into one of the layers of a single-
speaker ASR model. Specifically, the speech activity is treated
as a mask and applied to the output of the selected layer, with a
residual connection added to preserve the original information.
This process can be formally expressed as:

Xi
inj = finj(X

i,yspkk ) +Xi, (1)

where Xi ∈ RB×T×D is the i-th layer output, yspkk ∈
(0, 1)B×T×1 is the corresponding speech activity for k-th
speaker, and Xi

inj is the output with the speaker information in-
jected. B, T and D stand for batch size, number of frames and
feature dimension, respectively. Here, finj can be any module
that injects the speaker information (i.e., learnable speaker ker-
nel) into the layer output. In this paper, two linear layers with

Figure 2: Multiple model instances are created and each model
instance focuses on each speaker in the multi-talker recording.

an activation in between were applied for simplicity:

finj(X
i,yspkk ) = ffeedforward(X

i ⊙ yspkk ). (2)

During the training stage, each input utterance contains overlap-
ping speech from multiple speakers, and the speech activity of
the target speaker is provided as an additional input. The target
speaker is randomly selected from the set of speakers present in
the utterance. Given the speech activity of the selected speaker,
the model adapts to the target speaker autonomously, without
requiring any pre-registered speaker profile. This design is
particularly effective for streaming inference, where obtaining
speaker profiles from overlapping speech is extremely difficult.
The speech activities used during training can be obtained either
from the ground truth labels or by applying a speaker diarization
model to the input audio.

By leveraging the provided speech activities, the model dy-
namically adapts to the specific speaker, enabling robust recog-
nition even in multi-speaker scenarios. Notably, the training
process remains nearly identical to that of a conventional single-
speaker ASR system, including the training objective and de-
coding procedure. The only distinctions lie in the model archi-
tecture, which includes the speaker injection module, and the
use of multi-speaker speech data for training. This approach
ensures compatibility with existing ASR frameworks while en-
hancing the model’s ability to handle target-speaker scenarios
effectively.

2.2. Repurposing for Multi-Talker ASR

The proposed model is designed to adapt to a specific speaker
when the corresponding speech activities are provided. This
flexibility allows the model to serve dual purposes depending
on the source of the speech activity information. If the speech
activities are obtained from a personal VAD model [22], the
model functions as a target-speaker ASR system, operating in a
way that is consistent with the training process. Alternatively,
when a speaker diarization system is used to generate speaker-
specific speech activities, the model can be extended to a multi-
speaker ASR system by running multiple instances in parallel,
each focusing on a different speaker identified by the diarization
output, as illustrated in Figure 2. Unlike conventional TS-ASR
systems that require a speaker profile in advance, our model
does not rely on any speaker identity information. Instead, it
uses only the speech activity of the target speaker to adapt to
that speaker during inference. This feature makes the model
especially suitable for streaming applications, where acquiring
a reliable speaker profile is often difficult or infeasible, partic-
ularly when the speaker begins with overlapped speech. As a
result, the proposed method provides a practical and efficient
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solution for both single-speaker and multi-speaker ASR in real-
time scenarios.

Although the model is trained similarly to a single-speaker
ASR system, meaning it can only focus on one speaker at a time
during each inference step, it can be adapted to handle multiple
speakers when multiple speech activities are available. These
activities are typically provided by a speaker diarization model.
To decode speech from multiple speakers simultaneously, mul-
tiple instances of the model can be employed. Specifically, a
batch processing approach can be used, where the batch size
corresponds to the number of speakers in the input audio. Each
instance within the batch processes the speech activity of a dis-
tinct speaker, enabling the model to generate transcriptions for
all speakers concurrently. This approach maintains the simplic-
ity of the single-speaker ASR framework while extending its
functionality to multi-talker scenarios.

Figure 3 shows the t-SNE plot of the ASR encoder state (ac-
tivation at the last layer) for each token, where 2mix-spk0 and
2mix-spk1 are injected with the first and second speaker’s ker-
nel, respectively. It is important to note that these ASR encoder
representations, 2mix-spk0 and 2mix-spk1, are derived from the
same model and audio recording. We observe that the variabil-
ity introduced by speaker injection is smaller than the distance
between tokens; however, there is still a clear distinction be-
tween each speaker’s kernel, enabling the model to decode over-
lapping speech from two or three speakers.

2.3. Streaming Extension

The proposed method can also be extended to streaming sce-
narios, provided that both the ASR model and the speaker di-
arization model support streaming capabilities. In this work, we
employ the FastConformer Transducer model [21] with cache-
aware streaming [23] as the backbone for ASR training, ensur-
ing efficient and low-latency processing of audio streams. In ad-
dition, we utilize the streaming Sortformer model [24], which is
specifically designed for real-time end-to-end speaker diariza-
tion. By integrating these streaming-compatible models, the
proposed method can be seamlessly adapted to streaming appli-
cations with minimal latency. This extension makes the system
suitable for real-world applications such as live transcription,
video conferencing, and other scenarios where low-latency pro-
cessing is critical. The combination of streaming ASR and di-
arization models ensures that the system can handle continuous
audio input while maintaining high accuracy.

3. Experiments and Results
3.1. Datasets and Evaluation Metrics

The training dataset was simulated using the LibriSpeech Cor-
pus [25]. Since the model was trained with a single-speaker
objective, alignment was not required for timestamp generation
during training. For evaluation, we utilized the LibriSpeechMix
dataset [12], which includes 1-mix, 2-mix, and 3-mix data to
simulate single-speaker, two-speaker, and three-speaker scenar-
ios, respectively. We also finetune the model on Fisher English
Training Speech Part 1 and 2 [26] and evaluate it on CH109, a
two-speaker subset of 109 sessions from the Callhome Ameri-
can English Speech (CHAES) dataset [27].

To evaluate the performance of the proposed model, we em-
ployed the concatenated minimum-permutation word error rate
(cpWER) metric [28], which is commonly used for multi-talker
ASR systems. This metric ensures a fair comparison by con-
sidering the best possible alignment between the predicted and

Table 1: DER results on LibriSpeechMix and CH109.

Size Latency DER (%)
(ms) 2-mix 3-mix CH109

Sortformer 123M ∞ 2.5 3.2 -
1120 3.3 4.1 5.6
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Figure 3: t-SNE plot of Fast Conformer’s last encoder states
(embeddings) from an identical audio input (“there are the
characters you can see”), using the same model weights but
processed with different speaker kernels. The plot contrasts how
ASR embeddings differ when generated using kernel spk0 (tri-
angles) versus spk1 (circles), likely reflecting distinct speaker
focuses.

reference transcriptions across all speakers.

3.2. Training Details

For the ASR model, we employed the FastConformer Trans-
ducer model [21, 23] and initialized it using the publicly avail-
able pre-trained model 12. For the streaming diarization model,
we use a fine-tuned version of the streaming Sortformer model3

[29] on the simulated training set derived from the LibriSpeech
Corpus.

The performance of the diarization model is reported in
Table 1, which shows the Diarization Error Rate (DER) for
LibriSpeechMix 2-mix, 3-mix with a collar of 0, and CH109
datasets with a collar of 0.25. For LibriSpeechMix evaluation,
the silence at the beginning and end of each utterance is ignored.

During training, the diarization model was kept frozen and
used to provide speech activities for each speaker. The speech
activities were randomly sampled from one of the speakers in
the input audio, and the corresponding transcriptions for that
speaker were used as the training labels. This approach ensures
that the model learns to adapt to the target speaker dynamically
without requiring additional speaker-specific information. The
top five checkpoints with the lowest validation word error rate
(WER) are selected and averaged to produce the final check-
point used for evaluation.

Both streaming and offline models were trained for 200k
steps. For tokenization, we used SentencePiece [30] with byte
pair encoding (BPE) and a vocabulary size of 1024. The tok-
enizer was trained on the training set of each dataset to ensure
compatibility with the input data. The models were optimized
using the AdamW optimizer [31] with a weight decay of 0.001
and the Noam learning rate scheduler [15] with a coefficient of

1Offline ASR model: huggingface.co/nvidia/stt_en_
fastconformer_transducer_large

2Streaming ASR model: huggingface.co/nvidia/stt_
en_fastconformer_hybrid_large_streaming_multi

3Streaming diarization model: huggingface.co/nvidia/
diar_streaming_sortformer_4spk-v2
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Table 2: Offline Max. 3-speaker systems on LibriSpeechMix.

Model cpWER (%)
Systems Size 1-mix 2-mix 3-mix

SOT [12] 135.6M 4.6 11.2 24.0
SOT-SQR [16] 136M 4.2 8.7 20.2

E2E-SA [19] 128.6M 3.3 4.3 6.0
Sidecar-Sep [32] 103.6M - 5.7 -

MT-Whisper-L [33] 1.56B - 3.4 6.8
DOM-SOT [17] 33M 5.2 5.6 10.0

SA-SOT [18] 136M 3.4 8.2 -
MT-LLM [34] 8B 2.3 5.2 10.2
AFT-MT [20] 156M 2.4 3.4 -

(Proposed) SSA 238M 2.2 2.8 5.0

5.0. All training runs were conducted with 8×NVIDIA Tesla
A100 GPUs on one node.

3.3. Finetuning details

After training on the LibriSpeechMix dataset, we further fine-
tune the model on the Fisher dataset for an additional 50k steps.
Each session is truncated into segments ranging from 10 to 30
seconds, resulting in 64k training utterances and 1k validation
utterances. The top five checkpoints with the lowest validation
WER are selected and averaged to produce the final checkpoint
used for evaluation.

3.4. Evaluation and Comparative Analysis

3.4.1. Evaluation on LibriSpeechMix

Offline model is trained with 1-mix, 2-mix, and 3-mix simu-
lated data, with a ratio of 1:3:6. We report the evaluations on
1-, 2-, and 3-mix data in Table 2. The proposed SSA model
achieves state-of-the-art performance on the LibriSpeechMix
dataset, with cpWERs of 2.2%, 2.8%, and 5.0% for 1-mix, 2-
mix, and 3-mix scenarios, respectively. It outperforms most of
the strong baselines with up to 3 speakers in the training data,
particularly excelling in complex multi-talker settings. The
model contains 238M parameters, which consist of a FastCon-
former Transducer ASR model (114M), a Sortformer diariza-
tion model (123M) and a speaker injection module (1.1M). The
results highlight the effectiveness of the SSA mechanism in
handling overlapping speech, making SSA a highly competitive
and scalable solution for multi-talker ASR tasks.

For the streaming model, since there are no existing re-
sults for the 3-mix LibriSpeechMix dataset for comparison, we
trained two distinct models. The first model is trained using 1-
mix and 2-mix simulated data, with a ratio of 1:9 between 1-mix
and 2-mix samples. The second model is trained using 1-mix,
2-mix, and 3-mix simulated data, with a ratio of 1:3:6. Table 3
presents the results of the model trained with up to 2 speakers,
while Table 4 shows the results of the model trained with up
to 3 speakers. The proposed SSA scheme demonstrates strong
performance in streaming multi-talker ASR, with cpWERs of
4.0% (1-mix) and 5.6% (2-mix) at 560 ms latency, outperform-
ing baselines under highly overlapped scenarios. Table 4 shows
streaming multi-talker ASR with a maximum of 3 speakers with
minor performance degradation from the 2-speaker model.

3.4.2. Evaluation on Real data

We also evaluate the proposed model on real-life multi-speaker
dataset CH109. The baseline is a cascade streaming multi-
talker ASR model, which consists of a streaming single speaker

Table 3: Streaming Max. 2-speaker systems on LibriSpeechMix.

Latency(ms) cpWER (%)
Size ASR Diar. 1mix 2mix

Stream-T-SOT [35] 160M 160 2720 4.9 6.5
2560 2720 3.3 4.7

SSL-BLM-MT [36] - 160 - 7.2 9.6
T-SOT-FNT [19] - 160 - 4.7 10.1

AFT-MT [20] 156M 640 - 4.0 6.3

(Proposed) SSA 238M

80 6.8 8.3
160 5.7 7.2
560 4.0 5.6

1120 3.8 5.2
2720 3.4 4.6

Table 4: Streaming Max. 3-speaker systems on LibriSpeechMix.

Latency cpWER (%)
Size (ms) 1mix 2mix 3mix

(Proposed) SSA 238M

80 7.1 9.2 15.6
160 6.2 7.8 15.7
560 4.3 5.9 11.0

1120 4.0 5.4 9.8
2720 3.7 4.9 8.1

Table 5: Streaming Max. 2-speaker systems on CH109.

Size Latency (ms) cpWER (%)

LLM-BSD [37] 2.2B ∞ 26.31
Cascaded Model 238M 1120 27.38

(Proposed) SSA 238M 1120 26.21

ASR model and a streaming diarization model. In the cascaded
model, words and speaker segments are matched using time-
stamps. The ASR model for the cascaded baseline is the same as
the model whose parameters are employed for initialization for
streaming model training, as mentioned in Section 3.2, and the
streaming diarization model for the baseline is the same as the
model used for streaming SSA inference, as mentioned in Sec-
tion 3.3. The proposed SSA model demonstrates superior per-
formance on the CH109 dataset, achieving a cpWER of 26.21%
at a latency of 1120 ms. This outperforms not only the cascaded
streaming model but also the performance of the offline system
[37], despite our proposed system operating under low-latency
streaming constraints.

4. Conclusion
In this paper, we introduced a query-less speaker targeting ap-
proach that employs a multi-instance encoder-decoder for each
speaker. Following the design principle of maximizing the
performance of the base monaural ASR system, the proposed
multi-instance speaker targeting approach shows that the rela-
tively long frame length can be addressed by employing mul-
tiple instances of single-speaker ASR models. Our method
achieves state-of-the-art performance in both streaming and of-
fline setups on the LibriSpeechMix dataset, effectively address-
ing the challenges of multi-speaker scenarios and overlapping
speech. Future work includes the application of the proposed
method on Transformer-based ASR systems and multi-modal
large language models (LLMs), thus equipping the foundational
ASR models or LLMs with the state-of-the-art multi-talker ASR
capability.
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