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ABSTRACT

Multi-talker automatic speech recognition plays a crucial role in sce-
narios involving multi-party interactions, such as meetings and con-
versations. Due to its inherent complexity, this task has been re-
ceiving increasing attention. Notably, the serialized output training
(SOT) stands out among various approaches because of its simplis-
tic architecture and exceptional performance. However, the frequent
speaker changes in token-level SOT (t-SOT) present challenges for
the autoregressive decoder in effectively utilizing context to predict
output sequences. To address this issue, we introduce a masked t-
SOT label, which serves as the cornerstone of an auxiliary training
loss. Additionally, we utilize a speaker similarity matrix to refine the
self-attention mechanism of the decoder. This strategic adjustment
enhances contextual relationships within the same speaker’s tokens
while minimizing interactions between different speakers’ tokens.
We denote our method as speaker-aware SOT (SA-SOT). Experi-
ments on the Librispeech datasets demonstrate that our SA-SOT ob-
tains a relative cpWER reduction ranging from 12.75% to 22.03% on
the multi-talker test sets. Furthermore, with more extensive training,
our method achieves an impressive cpWER of 3.41%, establishing a
new state-of-the-art result on the LibrispeechMix dataset.

Index Terms— Multi-talker, automatic speech recognition,
speaker-aware, serialized output training

1. INTRODUCTION

Speaker overlap frequently occurs in scenarios like meetings or con-
versations [[1,12,13L/4,15]. Traditional single-talker speech recognition
systems face challenges in accurately deciphering the content from
each speaker [6]. This highlights the importance of the multi-talker
speech recognition task, which aims to improve the precision of tran-
scribing overlapped speech instances.

Numerous efforts have been dedicated to addressing the chal-
lenge of multi-talker automatic speech recognition (ASR). A promis-
ing strategy entails the utilization of a cascaded framework, which
integrates a speech separation front-end with an ASR back-end [7, I8}
9]. Notably, Change et al. [8] employ a multi-source neural beam-
former to handle multi-channel inputs, coupled with a multi-output
ASR configuration to yield individualized output for each speaker.
The entire model is optimized using permutation invariant training
(PIT) [10L11] ASR loss. Because the cascade structure is complex
and not conducive to stream modeling [[12], some researchers have
explored eliminating the front-end separation module. Instead, they
directly input overlapped speech into the ASR model, incorporat-
ing speaker differentiation into the encoder’s structural design. This
modified approach retains the use of multiple outputs in conjunc-
tion with the PIT loss at the decoder [13} [14} 15 [16]. Although
these tasks are simpler in inputs, the use of multi-output and PIT
loss still have several limitations. Firstly, the model’s capacity to

hello how <cc> 1 <cc> are <cc> am <cc> you

A

<sos> hello how <cc> I <cc> are <cc> am <cc>

Fig. 1. An example of the decoding process of t-SOT-based ASR
model. For simplicity, the encoder is omitted. The full t-SOT label
is “hello how <cc> I <cc> are <cc> am <cc> you <cc> fine’.

handle speakers is restricted by the number of output branches [17].
Secondly, calculating the PIT loss necessitates consideration of all
possible combinations of hypotheses and labels, leading to a signifi-
cant increase in computational complexity as the number of speakers
rises [[18]. To overcome these constraints, Kanda et al. propose the
serialized output training (SOT)-based multi-talker ASR model [17].
The SOT approach introduces a special symbol, denoted as <cc>, to
indicate the change of the speaker channel and consolidates multiple
label sequences from multiple speakers into a unified label sequence
at either the sentence level [17] or token level [19]], aligning with
the chronological order of sentences or tokens. This adaptation en-
ables the training of multi-talker ASR tasks utilizing the same model
architecture and training loss as single-talker ASR. Compared with
alternative methods, SOT not only has a simple structure but also
demonstrates remarkable efficacy.

Although the SOT-based method simplifies the model structure
and training with the introduction of the special symbol <cc>,
it also brings new challenges. Firstly, during the inference stage,
the model’s performance becomes significantly dependent on the
accurate prediction of <cc>, which is closely tied to speaker
changes. However, ASR itself is inherently a speaker-independent
task [20, 21]. To address this concern, Liang et al. [20] propose
the boundary-aware SOT (BA-SOT), incorporating speaker change
detection (SCD) block and a boundary constraint loss to assist the
model in predicting <cc>, and the performance of the SOT ap-
proach has been significantly improved. Secondly, the consolidation
of multiple label sequences into a single sequence heightens the
complexity of learning for the autoregressive decoder, which pre-
dicts subsequent tokens based on contextual history. In this paper,
we refer to this challenge as a semantic confusion problem. This
problem becomes particularly serious in the token-level serialized
output training (t-SOT) methodology [19]. An illustration of this
challenge is provided in Fig. [T When the ASR decoder predicts the
word you’, it must discern that "hello how are’ constitutes valid his-
torical context, while ' am’ represents interjections from a different
speaker.

To address this challenge, we propose speaker-aware serial-
ized output training (SA-SOT). Our method involves multi-task



training encompassing both ASR and speaker classification. In
contrast to [6], our speaker classification doesn’t rely on prede-
fined profiles. Moreover, distinct from the approach in [22], which
solely employs speaker representation post-processing for label-
ing speakers, we integrate the extracted speaker embeddings into
the ASR decoder to enhance the SOT. What’s more, the speaker
embeddings are used to generate a similarity matrix which is used
to modify the self-attention within the ASR decoder. This mod-
ification strengthens the contextual relationships among the same
speaker’s tokens while reducing the influence of contextual rela-
tionships between different speakers. Furthermore, we employ a
masked t-SOT label to guide the ASR decoder in identifying which
tokens belong to the same speaker. Our experiments, conducted on
the Librispeech data set, demonstrate the effectiveness of SA-SOT
in improving the performance of SOT-based models. We obtain a
remarkable 12.75% to 22.03% relative reduction in the concatenated
minimum-permutation word error rate (cpWER) on the multi-talker
test sets, while maintaining the performance on the single-talker
test set. Moreover, with more extensive training, we obtain 3.41%
cpWER, establishing a new state-of-the-art (SOTA) result on the
LibrispeechMix test set. In summation, we conclude our contribu-
tions as follows:

* We have validated the efficacy of the t-SOT method on the
continuous integrate-and-fire (CIF)-based ASR model [23],
achieving results that are on par with existing research.

e Our integration of token-level speaker embeddings into the
ASR decoder has yielded significant performance improve-
ments.

* We have introduced the innovative concept of utilizing a
speaker similarity matrix to adapt the self-attention mecha-
nism within the ASR decoder.

* We propose the use of masked t-SOT labels to guide the
model in accurately attributing tokens to specific speakers.

2. PROPOSED METHOD

In this paper, we present our method within a framework of joint
modeling of automatic speech recognition and speaker classification.
Our primary focus in this study lies on the ASR branch, particularly
its performance in the multi-talker speech scenarios. Concurrently,
the speaker branch operates as an auxiliary task, producing valuable
speaker embeddings. The core of our methodology revolves around
leveraging speaker embeddings to enhance the efficacy of the t-SOT-
based ASR, especially when dealing with the complexities of multi-
talker speech.

2.1. Framework

The details of the model framework are illustrated in Fig. The
ASR branch employs a CIF-based encoder-decoder structure. The
ASR encoder transforms the input feature @ into the encoded out-
puts h*°". The weight estimator evaluates the acoustic information
for each frame, generating frame-level information weight a.. Sub-
sequently, the CIF module utilizes o to convert the frame-level en-
coded outputs h into token-level acoustic embeddings c. It should
be known that the acoustic boundaries are predicted during the cal-
culation of the CIF module. For more details of the CIF module, we
refer readers to [23]. The ASR decoder uses c to predict the ASR la-
bel sequence in an autoregressive manner. The computation process
for the ASR branch can be formulated as follows:
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Fig. 2. The upper of the figure is the overview of our SA-SOT-based
method. ASR branch is colored by blue, the speaker branch is col-
ored by yellow. The lower part is an example showing the labels
used in the training.

Cl1:N] = CIF(hﬁ‘f}/], a[l:T']) (3)
yn = AsrDecoder(c[y.n), Embed(y1:n—1)) )

where NN represents the number of predicted tokens, 7" is the length
of input feature sequence, 7" is the length of encoded output after
downsampling.

The speaker branch comprises an encoder, a decoder, and a
token-wise average pooling layer. The encoder converts the input
feature to the frame-level speaker embedding h®P®. The token-wise
average pooling layer utilizes the acoustic boundary from the ASR
branch to average these frames between two continuous acoustic
boundaries and generate the token-level speaker embedding 1m. The
speaker decoder uses m to autoregressively predict the speaker la-
bel sequence. In our initial experiments, we encountered challenges
when attempting to directly predict speakers for overlapping speech
instances. As a solution, we incorporate ASR outputs y,—1 into the
speaker decoder. The computation process for the speaker branch
can be summarized as follows:

h[slpf;,] = SpeakerEncoder(z[1.7)) (5)
mp.N) = T—AveragePooling(tht?/]) (6)
Sn = SpeakerDeCOder(m[l:n] ; 3[0:7171] ) y[O:nfl]) (7)

2.2. Speaker embedding fusion

As ASR inherently operates as a speaker-independent task [21]], it’s
challenging for an ASR model to predict all tokens for each speaker
in overlapped speech. Consequently, we consider utilizing speaker
information as an auxiliary. The output of the speaker decoder’s hid-
den layer e is used as speaker embedding, which is then incorporated
into the ASR decoder.

Yn = AsrDecoder(c[y.n], Proj(Embed(y[0:n—1]); €[1:n])) ®)



where Embed(-) is an embedding function. Proj(-) presents a pro-
jection layer that is used to ensure that the dimensions of the ASR
decoder input are appropriate. We refer to this operation as speaker
embedding fusion (SEF), and the Eq. [ will be turned to Eq. [§]

2.3. Speaker-aware training

The t-SOT label is shown on the lower part of Fig. 2] It is noticeable
that the special symbol <cc> appears frequently in the overlapped
speech to signify the speaker changes. For the autoregressive ASR
decoder, modeling context in such a scenario becomes challenging.
To address this issue, we propose a masked t-SOT label, as shown in
Fig. 2] For specific speakers, we employ a special token <mask> to
mask the tokens from other speakers. And different from the t-SOT
label, we utilize special start symbols <sls> or <s2s> to indicate
that this is an auxiliary training loss. Our inference begins with the
<sos> token. We refer to the cross-entropy (CE) loss associated
with masked t-SOT labels as speaker-aware training (SAT) loss.

2.4. Speaker-aware attention

In the previous section, we utilize the speaker-aware training loss to
emphasize that specific tokens belong to the same speaker. To fur-
ther strengthen the contextual relationships within the same speaker
and reduce contextual relationships between different speakers, we
modify the self-attention mechanism of the ASR decoder.

As illustrated in Fig. we derive an N by N similarity ma-
trix by computing the cosine similarity between pairs of token-level
speaker embeddings e[y n7.

sim; ; = cos(e;, €;) 9
The original self-attention in the ASR decoder is expressed as:
QK"
Vi

We use the similarity matrix to modify self-attention, which we
refer to as speaker-aware attention (SAA).

Attention(Q, K, V') = softmax( \% (10)

T .
weight = softmax(?/i; ) H% (1)
k
0 = (weight/ Y _ weight;, )V’ (12)

J

where the ® denotes the Hadamard product. The similarity value is
scaled to interval (0, 1) and is used to reweight the original attention
weight in Eq[T1] In Eq. [I0] the weight is renormalized and applied
to weight V. By implementing the proposed SAA, Eq. [I0]is turned
to Eq. [TT)and Eq. [T2 within the self-attention of the ASR decoder.

2.5. Training loss

We employ a joint training strategy to optimize all parameters, where
the overall objective function is a weighted sum of all the losses. In
the speaker branch, AMsoftmax loss [24] is employed to capture
more discriminative speaker embeddings. In the CIF-based ASR
branch, in addition to the CTC loss, CE loss, and quantity loss used
in the original CIF-based model, the auxiliary SAT loss is also incor-
porated.

ﬁ = Lce + >\1[fctc + >\2£qua + )\3£a7ns + >\4[’sat (]3)
where the Lce, Lcte, and Lgyq are the same as in the vanilla CIF-
based model [23]. The L4ms represents AMsoftmax loss [24]. The
Lsqt represents the SAT loss which employs the same formulas as
L but utilizes the masked t-SOT label. \; to A4 are tunable hyper-
parameters.

3. EXPERIMENTS

3.1. Datasets and metric

All our experiments are conducted on the Librispeech corpus [6]
and LibrispeechMix [[6]. We use the 960-hour training data of Lib-
rispeech to simulate multi-talker training data, and the test-clean
and test-other sets to simulate two multi-talker test sets (test-clean-
2mix/test-other-2mix) following the same process. Take the training
set as an example, each sample in the 960-hour training set overlaps
with another sample with a probability p, and remains unchanged
with a probability of 1 — p. The other samples used to simulate over-
lap are also randomly chosen from the 960-hour training set. The
waveform of the two samples are then added together with a random
shift of start time. The labels of two speakers are merged together in
a chronological order based on the word emission time. And a spe-
cial symbol <cc> is used to indicate the speaker changes. The word
emission time is generated by the Montreal Forced Aligner [25].

The LibrispeechMix is a test set containing two speakers in each
speech, simulated through a process similar to our training dataset.
To observe the impact of our method on samples without speaker
overlap, we also present the experimental results for the test-clean
of Librispeech. As for metric, we adapt the concatenated minimum-
permutation word error rate (cpWER) [3].

3.2. Experimental Setup

For all experiments, we utilize 80-dimensional log-Mel filter-bank
features, which are computed with a 25 ms window and shifted every
10 ms. Two convolutional layers with 128 filters and 1/4 temporal
downsampling are used as the front end of the ASR encoder. The
ASR encoder comprises 18 conformer [26] layers with § attention
heads, 512 attention dimensions, and 2048 feed-forward network
(FFN) dimensions. The weight estimator consists of a 1-dimensional
convolutional layer with a kernel size of 3 and 512 filters, followed
by a fully-connected (FC) layer with a single output unit using sig-
moid activation. The ASR decoder consists of 2 transformer [27]]
layers with 8 attention heads, 512 attention dimensions, and 2048
FFN dimensions. The speaker encoder has the same architecture as
the 18-layer ResNet in [28] except for not the final average pool-
ing layer and halving the channels of all the convolutional layers.
Upon the ResNet, two conformer layers are used to capture global
features, which are of the same settings as ASR encoder layers. Both
the speaker encoder and the ASR encoder have a 1/4 temporal down-
sampling. The speaker decoder stacks two FC layers. The first layer
has 256 units with ReLU activation, and the second layer has 2341
(total speaker number in the training set) output units with softmax
nonlinearity. The threshold /3 used in the CIF module is set to 1. The
modeling units comprise 3730 byte pair encoding (BPE) subwords.
The hyper-parameters A1, A2, A3, and A4 are set to 0.5, 1.0, 0.1, 1.0,
respectively.

In the training stage, we utilize the Adam optimizer [30]. The
ratio of overlap samples p is set to 0.5. The learning rate warms up
for the initial 1000 iterations to reach a peak of le-3 and holds on
for the subsequent 40k iterations, and then linearly decays to le-4
for the final 60k iterations. The last 10 checkpoints are averaged
to obtain the final model for evaluation. For decoding, we employ
beam-search [31] with a beam size of 10.

3.3. Main results

Table [T] provides a comprehensive comparison between our model
and several strong baseline models on the test-clean and the three
multi-talker test sets. Baselines B1 to B3 are SOT-based transducer



Table 1. The performance (cpWER %) of our proposed method and all baseline on the test sets. Results from previous papers and our
implementation of the CIF t-SOT model are shown for comparison. The values in parentheses represent the relative cpWER gains.

1D Model Model size test-clean LibrispeechMix test-clean-2mix test-other-2mix
Bl SOT LSTM SA-ASR [6] 146M 4.2 8.7 - -

B2 SOT Confomer SA-ASR [29] 142M 33 4.3 - -

B3 t-SOT TT [22] 139M 33 4.4 - -

El CIF t-SOT 136M 2.94 5.10 5.22 6.57

E2 + SEF 136M 2.89 (1.70%) 4.79 (6.08%) 4.55 (12.84%) 6.14 (6.54%)
E3 + SAT 136M 2.88 (2.05%) 4.55 (10.78%) 4.15 (20.50%) 5.52 (15.98%)
E4 + SAA 136M 2.90 (1.36%) 4.45 (12.75%) 4.07 (22.03%) 5.52 (15.98%)
E5 + Extensive Training 136M 2.52 (14.29%) 3.41 (38.43%) 1.97 (62.26%) 3.27 (47.18%)

Table 2. Impact of the encoder downsampling on cpWER(%) for
our proposed method.

Downsampling 172 1/4 1/8
test-clean 3.19 2.90 2.93
LibrispeechMix 4.62 4.45 6.46
test-clean-2mix 4.06 4.07 5.85
test-other-2mix 5.49 5.52 7.22

or AED method. E1 is the CIF-based model trained with t-SOT, and
we adjust the parameters of our models to closely match the base-
line models. Impressively, CIF t-SOT obtains comparable results
with the baseline models. From E1 to E4, we gradually augment
our approach with speaker embedding fusion (SEF), speaker-aware
training (SAT), and speaker-aware attention (SAA). The cpWER re-
sults on LibrispeechMix demonstrate that incorporating SEF, SAT,
and SAM leads to relative cpWER gains of 6.1% 5.1% and 2.1%,
respectively. Finally, comparing E4 with E1, our methods obtain a
12.75% relative WER gain, and 22.03% and 15.98% on test-clean-
2mix and test-other-2mix, respectively. It is worth noting that our
method can improve the performance of the model on the multi-
talker test set while maintaining the recognition performance on the
single-talker test-clean set.

Since some data in our training process is simulated on the fly,
we try to increase the training steps for extensive training. We find
that until the training steps are increased to 500 thousand, the model
doesn’t overfit on the development set. Ultimately, we achieved ob-
vious improvements on both single-talker and multi-talker test sets
through extensive training. Especially, on the LibrispeechMix test
set, we obtain 3.41% cpWER, which is a new state-of-the-art result
on the test set. The improvements for the single-talk test set could be
attributed to the data augmentation effect resulting from the use of
overlapped speech during training, which was also observed in [6].

3.4. Encoder downsampling

Table 2]shows the cpWER of our SA-SOT method with different en-
coder downsampling. For multi-talker test sets, a high frame rate
can provide more details, enabling the model to handle overlapped
speech more effectively. This is why 1/2 or 1/4 temporal downsam-
pling, as compared to 1/8 temporal downsampling, brings noticeable
benefits to the three multi-talker test sets. On the other hand, we no-
tice that for the single-talker test set the 1/2 temporal downsampling
is worse than the other two settings. We attribute this to the fact that
excessively long sequences bring additional difficulty to the learning
of the model.

Ground Truth:

« spkl:well said mademoiselle de tonnay charente i also think a good
deal but i take care

« spk2: rejoice in thy growth said the sunbeams

t-SOT:

» raw hypothese: well said mademoiselle de tonacelante i also think a
<cc> rejoice in <cc> good deal <cc> thine <cc> but i <cc> growth
said <cc> the sunbeams <cc> take care

« spkl: well said mademoiselle de tonacelante i also think a good deal
but i the sunbeams

* spk2: rejoice thine growth said take care

SA-SOT:

* raw hypothese: well said mademoiselle de tarnagellant i also think a
<cc> rejoice in <cc> good deal <cc> thy <cc> but i <cc> growth said
<cc> take care <cc> the sunbeams

 spkl: well said mademoiselle de tarnagellant i also think a good deal
but i take care

* spk2: rejoice in thy growth said the sunbeams

Fig. 3. An example of model outputs and reference from the Lib-
rispeechMix. The results for ’spk1’ and ’spk2’ are obtained by sep-
arating the raw hypotheses with the special symbol *<cc>’.

3.5. Example analysis

An actual sample is illustrated in Figure 3] For both t-SOT and our
SA-SOT method, the final multi-talk results are separated from the
raw hypotheses using the special symbol <cc>. The t-SOT baseline
method misassigns “the sunbeams” and “take care” to the wrong
speakers, resulting in four additional errors when calculating the cp-
WER. In contrast, our SA-SOT method addresses this issue by en-
abling more accurate speaker assignments as we anticipated.

4. CONCLUSION

In this paper, we propose the speaker-aware serialized output train-
ing (SA-SOT) method to address the semantic confusion problem
existing in the t-SOT method. In our approach, the token-level
speaker embedding is incorporated into the ASR decoder to assist in
processing overlapped speech. Additionally, the speaker similarity
matrix is utilized to modify the attention weight in the self-attention
layer of the ASR decoder to strengthen the contextual relationships
of the same speaker and reduce contextual relationships between
different speakers. Furthermore, we designed the masked t-SOT
label to prompt the model which tokens belong to the same speaker.
Trained on the multi-talker data simulated with the Librispeech data
set, our method has demonstrated substantial improvements across
both multi-talker and single-talker test sets.
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