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Abstract
We have developed a sequential output model with speaker vec-
tor constraints for the joint modeling of multi-talker automatic
speech recognition (ASR) and speaker diarization. The con-
ventional approach to joint modeling of multi-talker ASR and
speaker diarization, called SOMSRED, enables the estimation
of speaker embeddings from fully overlapped speech by dis-
cretizing the speaker embedding space and treating the speaker
embeddings as tokens. However, the predicted speaker em-
beddings become less distinctive compared to the ones directly
obtained from non-overlapping speech due to the discretiza-
tion. To address this problem, we add a new training objective
that optimizes speaker embeddings in continuous space with-
out discretization. Experimental results show that the proposed
method avoids overfitting to the discretized speaker tokens and
outperforms SOMSRED in both ASR performance and speaker
embedding performance.
Index Terms: speech recognition, speaker diarization, over-
lapped speech, multi-talker speech

1. Introduction
Figuring out who spoke “when” and “what” is important for
various applications such as meeting records and conversation
robots. Speaker diarization and automatic speech recognition
(ASR) are tasks to estimate who spoke “when” and “what”, re-
spectively. Since multi-talker conversations such as meetings
and chats often include overlapped speech of multiple people,
addressing overlapped speech is important in practical terms.

ASR and speaker diarization have been developed inde-
pendently. Several studies have explored multi-talker ASR to
estimate “what” from overlapped speech, where the task is to
transcribe each utterance of overlapped speech into text. Some
studies combine speech separation and the conventional single-
talker ASR [1–7], while others have tackled multi-talker ASR
without utilizing speech separation [8]. On the other hand, to
address overlapped speech in speaker diarization, some stud-
ies have utilized an overlap detector [9, 10], while others have
utilized end-to-end speaker diarization models that estimate
frame-level speaker activity [11, 12].

Several recent studies have explored the joint modeling of
ASR and speaker diarization [13–18]. The goal of joint mod-
eling is to transcribe each utterance of the overlapped speech
along with their timestamps and speaker tags, enabling an op-
timization of the whole model. One of the most popular ap-
proaches for estimating speaker tags is to estimate speaker
embeddings representing speaker characteristics of the speech
and cluster them to distinguish whether the embeddings be-
long to the same cluster or not [15, 16, 19–23]. Although
most approaches first estimate non-overlapping speech seg-

ments and then estimate speaker embeddings from these seg-
ments, a recently proposed model enables the simultaneous esti-
mation of multi-talker ASR and speaker embeddings from fully
overlapped speech without non-overlapping speech segments,
which is named SOMSRED [18].

The key point of SOMSRED is to discretize the speaker em-
bedding space and treat the speaker embeddings as tokens. The
speaker embedding tokens are serialized along with transcrip-
tions to be the target sequence of the model. This enables the
model to autoregressively estimate the serialized label including
both transcriptions and speaker embedding tokens in the same
way as the conventional ASR model with a single output layer.
Compared to the conventional method that estimates speaker
embeddings from predicted non-overlapping speech segments,
SOMSRED estimates more distinctive speaker embeddings uti-
lizing both overlapping and non-overlapping speech segments,
as demonstrated in [18].

However, the speaker embedding obtained with SOMSRED
becomes less distinctive compared to the speaker embedding di-
rectly obtained from non-overlapping speech. We assume this is
because SOMSRED is trained in discretized speaker embedding
space: although this enables the model to autoregressively esti-
mate discretized speaker tokens as well as transcriptions, poorly
fitting speaker tokens are assigned when the speaker embedding
of an utterance is far from any point in a discrete speaker em-
bedding space. This makes the speaker embeddings less dis-
tinctive and the training becomes more difficult, as discussed in
Section 4.4.

To address this problem, our idea is to add a new training
criterion that directly optimizes speaker embeddings in contin-
uous space without discretization. In this paper, we propose
SOMSRED-SVC, which is a sequential output model trained
with newly introduced speaker vector constraints loss for the
joint modeling of multi-talker overlapped speech recognition
and speaker diarization. The speaker vector constraints loss en-
ables the model to predict speaker embeddings trained in con-
tinuous space. SOMSRED-SVC utilizes speaker embeddings
obtained from non-overlapping speech as the speaker embed-
ding target and trains the model so that the predicted speaker
embedding becomes close to the target. Experimental results
demonstrate that SOMSRED-SVC outperforms SOMSRED in
both ASR performance and speaker embeddings performance.

2. Conventional Method
2.1. Sequential output model for multi-talker ASR

We denote the acoustic feature of the input speech as X =
(x1, . . . ,xT ), where xt ∈ RF denotes the tth frame of the
feature, F denotes its dimension, and T denotes the length
of acoustic features. We denote utterance-level textual tokens
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of multiple speakers as W 1:K = (W 1, . . . ,WK), where
K denotes the number of speakers in the overlapped speech,
W k = (wk

1 , . . . , w
k
Nk ) denotes the kth speaker’s textual to-

kens, Nk denotes the length of the token, wk
n ∈ V denotes

the nth textual token of the kth speaker, and V denotes the vo-
cabulary set. In serialized output training (SOT) [8], W 1:K is
estimated with a single output layer recursively following the
first-in, first-out order; the transcriptions of multiple speakers
are estimated in the order of their utterance start time with a
special symbol [sep] representing speaker change [8, 24]. The
serialized token label S ∈ {V ∪ O} is given as

S = (w1
1, . . . , w

1
N1 , [sep], w

2
1, . . . , w

2
N2 , [sep],

. . . , wK−1
NK−1 , [sep], w

K
1 , . . . , wK

NK , [eos]), (1)

where [eos] denotes the end of a sentence, O = {[sep], [eos]},
and we assume that W 1:K is sorted in order of utterance start
times for simplicity. Multi-talker ASR with SOT estimates the
generation probability of S given X as follows:

P (S|X;ΘMT) =

|S|∏
l=1

P (sl|s1:l−1,X;ΘMT), (2)

where sl denotes the lth token of S, s1:l−1 = (s1, . . . , sl−1),
|S| denotes the length of S, and ΘMT denotes the parameter of
the multi-talker ASR model.

2.2. SOMSRED

The start time token and the end time token of multiple speak-
ers are denoted as T 1:K

s = ([t1s ], . . . , [t
K
s ]) and T 1:K

e =
([t1e ], . . . , [t

K
e ]), respectively, where [tks ] ∈ T and [tke ] ∈ T

denote the kth speaker’s start time token and end time to-
ken, respectively, and T denotes the quantized time token la-
bel set. The quantized time token is obtained by rounding
the continuous timestamp values to the nearest quantized value
every Q seconds. We denote the multiple speaker tokens as
d1:K = (d1, . . . ,dK), where dk = (dk1 , . . . , d

k
M ) denotes the

kth speaker’s speaker tokens, dkm ∈ D denotes the mth token
of the kth speaker, D denotes the speaker token sets, and M
denotes the number of tokens per speaker.

In SOMSRED, the simulated mixture for training is cre-
ated by mixing the non-overlapping speeches. We denote the
kth non-overlapping speech comprising the simulated mixture
as Y k = (yk

1 , . . . ,y
k
T ′), where yk

t′ ∈ RF denotes the t′th
frame of the feature. SOMSRED utilizes Y k and a pre-trained
speaker model that extracts the speaker embeddings to obtain
speaker tokens dk as follows. First, the speaker model es-
timates a speaker embedding of each non-overlapping speech
as uk = SpeakerModel(Y k), where uk ∈ RG denotes the
speaker embedding of the kth speaker, G denotes its dimen-
sion, and SpeakerModel(·) denotes the speaker model. Sec-
ond, uk are discretized with vector quantization. Finally, the
corresponding centroid indices are assigned as speaker tokens
dk. Note that multiple speaker tokens are used to represent a
single speaker embedding, i.e., the average of the M discretized
speaker embeddings becomes close to uk.

To efficiently model the joint generation probability of
W 1:K , T 1:K

s , T 1:K
e , and d1:K , they are serialized into a single

label sequence. When the speaker tokens are estimated after the
transcription, the serialized label sequence S̄ ∈ {V∪O∪T ∪D}

is obtained as

S̄ = ([t1s ], [t
1
e ], w

1
1, . . . , w

1
N1 , d

1
1, . . . , d

1
M , [sep],

[t2s ], [t
2
e ], w

2
1, . . . , w

2
N2 , d

2
1, . . . , d

2
M , [sep],

. . . , [tKs ], [tKe ], wK
1 , . . . , wK

NK , dK1 , . . . , dKM , [eos]).
(3)

The joint generation probability of W 1:K , T 1:K
s , T 1:K

e , and
d1:K is autoregressively estimated in the same way as Eq. (2).

A Transformer-based ASR model [25, 26] is used to esti-
mate the joint generation probability, as

H = TransformerEnc(X;θenc), (4)
El = TransformerDec(H, s̄1:l−1;θdec), (5)

P (s̄l|s̄1:l−1,X;Θ) = Linear(El;θlinear), (6)

where s̄l denotes the lth token of S̄, s̄1:l−1 = (s̄1, . . . , s̄l−1),
TransformerEnc(·) is a Transformer encoder, θenc denotes
its parameters, TransformerDec(·) is a Transformer decoder,
θdec denotes its parameters, Linear(·) denotes a linear layer
with softmax activation, and θlinear denotes its parameter. The
parameter ΘSOMSRED = {θenc,θdec,θlinear} is optimized
with the cross-entropy function defined as

LCE = − logP (S̄|X;ΘSOMSRED), (7)

where ΘSOMSRED denotes the parameter of the model in SOM-
SRED.

During inference, the speaker embedding is utilized to as-
sign speaker tags because the speaker tokens d1:K fit poorly
when it is applied to unknown speakers. The speaker embed-
ding is obtained by averaging the features before the classifica-
tion layer, as

ek =
1

|T (k)|
∑

v∈T (k)

Ev, (8)

where ek denotes the speaker embedding of the kth speaker,
T (k) denotes the decoding steps corresponding to the kth
speaker token estimation, and |T (k)| denotes its size.

3. Proposed Method
3.1. Strategy

As discussed in Section 1, the discretization of the speaker em-
bedding space in SOMSRED makes the speaker embedding less
distinctive and the training more difficult. This leads to a degra-
dation of both the ASR performance and the speaker embedding
performance, as discussed later in Section 4.4. To address this
problem, our idea is to directly optimize speaker embeddings in
continuous space without discretization.

The overview of SOMSRED-SVC is shown in Fig. 1. In
addition to the cross-entropy loss (7), we introduce the speaker
vector constraints loss that directly optimizes the speaker em-
beddings so that the estimated speaker embeddings and the
target speaker embeddings become close in continuous space.
While only the discretized speaker tokens after vector quanti-
zation are used as targets to estimate speaker embeddings in
SOMSRED, the speaker embeddings before vector quantization
is also used as targets in SOMSRED-SVC. The speaker embed-
dings are intermediate features corresponding to the speaker to-
ken, as in [18].
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Figure 1: Overview of SOMSRED-SVC.

3.2. Formulation

SOMSRED-SVC utilizes the speaker embeddings before vector
quantization uk in Section 2.2. Recall that SOMSRED utilizes
multiple speaker tokens to model the residual components of
the discretized speaker embedding so that the speaker embed-
ding becomes distinctive in discretized embedding space. In
contrast, SOMSRED-SVC uses a single speaker token per ut-
terance because it is optimized in continuous space, i.e., M = 1
in Eq. (3) and |T (k)| = 1 in Eq. (8). The speaker embedding
ek and generation probability P (s̄l|s̄1:l−1,X;Θ) are obtained
in the same way as Eqs. (4)–(8). The speaker vector constraints
loss is calculated as cosine similarity between uk and ek de-
fined as follows:

LSVC = −
∑
k

uk · ek

∥uk∥∥ek∥
, (9)

where ∥·∥ denotes the L2 norm of the vector. The loss function
of the model is defined as

L = LCE + αLSVC, (10)

where α is the hyperparameter representing the loss weight.

4. Experiment
4.1. Dataset

We used the Corpus of Spontaneous Japanese (CSJ) [27] for our
experiments. First, we divided CSJ into training, validation, and
test data: 1,388 speakers for the training data (522 h), ten speak-
ers for the validation data (1.3 h), and ten speakers for the test
data (1.9 h). Since CSJ is a dataset of single-talker’s speech,
we created two-speaker and three-speaker simulated mixtures
for training data and validation data by mixing the utterances
of different speakers. When mixing the audio signals, the orig-
inal volume of each utterance was kept unchanged, resulting
in an average signal-to-interference ratio of about 0 dB. De-
lay values for each utterance were randomly chosen under the
constraints provided in [8]. The start times of individual ut-
terances differed by 0.5 s or longer so that every utterance in
each mixed audio sample had at least one speaker-overlapped
region with other utterances. The average overlap rate of the

mixture was about 35%. To train the speaker model for ex-
tracting the target speaker embeddings uk, we used data con-
taining 9,332 speakers with over two million utterances from
CSJ, VoxCeleb2 [28], and an internal dataset. We utilized 80
log mel-scale filterbank coefficients as acoustic features, which
were extracted using a 20-ms-long Hann window with a 10-ms-
long shift. We used characters as textual tokens. Continuous
timestamps were rounded every 0.5 s; i.e., Q = 0.5.

4.2. Implementation

We used a Transformer-based ASR model [25, 26] for the ex-
periments. The acoustic feature was first passed to layers com-
posed of two 1 × 1 convolutions with 1 × 1 strides, two max
pooling with a stride of 2, two 3 × 3 depthwise convolutions
with 1 × 1 strides, and two long-short term memory layers
with outputs of 512 dimensions. Then, we stacked ten-layer
Transformer encoder blocks, where the number of heads in the
multi-head attention was set to 4, the dimensions of the output
continuous representations were set to 512, and the dimensions
of the inner output in the position-wise feed-forward networks
were set to 1,024. For the decoder layers, we stacked two-layer
Transformer decoder blocks, where the settings were the same
as for the encoder blocks.

The speaker model to extract the target speaker embeddings
uk consists of four Transformer encoder blocks, an average
layer that calculates the weighted mean of the frame-level fea-
tures [29], and two linear layers. In the encoder blocks, the
number of heads in the multi-head attention was set to 4, the
dimensions of the output continuous representations were set to
512, and the dimensions of the inner output in the position-wise
feed-forward networks were set to 2,048. We trained the model
with the arcFace loss function [30] and the last linear layer was
removed during inference, resulting in speaker embeddings of
512 dimensions.

4.3. Settings

We compared SOMSRED-SVC to SOMSRED. We prepared
the speaker tokens for SOMSRED following the procedure
in [18]. First, we trained the speaker classification model
for speaker embedding extraction. Second, we estimated the
speaker embeddings of non-overlapping speeches with over
410,000 utterances including an internal dataset. Third, the
speaker embeddings were clustered with k-means clustering
and 1,000 centroids were obtained. Finally, we assigned the M
closest centroid indices that best reconstructs the embeddings
of each training data before mixing. All models were optimized
using the RAdam [31] algorithm with a mini-batch size of 32.
We set the learning rate of the algorithm to 1e− 4. The training
steps were stopped if the loss on the validation set did not de-
crease for ten epochs in succession. We applied label smoothing
with the smoothing weight of 0.1 [32].

We used the character error rate (CER), time stamp error
rate (TER), equal error rate (EER), and speaker count accuracy
(SCA) to evaluate the overall performance. TER was calculated
as the sum of the missed speaker rate and false alarm rate; i.e.,
it equals to diarization error rate excluding the speaker error
rate. When comparing hypothesized boundaries to references,
we utilized a tolerance of ±250 ms. SCA was calculated as
the ratio of the number of test samples for which each method
correctly counted the speaker to the total number of test sam-
ples. In multi-talker overlapped ASR settings, we compared
hypotheses with references while considering the order of utter-
ances. When calculating CER, we only evaluated textual tokens
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Table 2: Evaluation results on multi-talker ASR training.

Number of speakers
in test dataset Methods CER (%) TER (%) EER (%) SCA (%)

1 SOMSRED (M = 1) 6.2 2.1 11.3 99.7
SOMSRED (M = 3) 6.4 2.7 8.6 100.0
SOMSRED (M = 5) 7.3 2.5 7.9 99.6
SOMSRED-SVC 6.0 2.7 7.0 99.8

2 SOMSRED (M = 1) 9.1 3.4 13.0 98.0
SOMSRED (M = 3) 10.2 4.0 10.0 98.0
SOMSRED (M = 5) 11.1 3.3 10.3 97.4
SOMSRED-SVC 8.8 3.6 9.5 98.6

3 SOMSRED (M = 1) 13.2 4.1 14.6 93.4
SOMSRED (M = 3) 15.5 5.2 10.7 92.3
SOMSRED (M = 5) 16.2 4.3 10.9 93.8
SOMSRED-SVC 12.9 4.4 9.8 94.9

Table 1: CER and EER on validation data w.r.t. loss weight α.

Method CER (%) EER (%)
SOMSRED-SVC (α = 0.1) 5.4 7.8
SOMSRED-SVC (α = 1) 5.3 6.4
SOMSRED-SVC (α = 10) 5.3 5.1
SOMSRED-SVC (α = 100) 6.6 4.0

Table 3: Prediction accuracy (%) of speaker tokens on training
data.

Methods 1 speaker 2 speakers 3 speakers
SOMSRED (M = 1) 74.4 71.3 66.2
SOMSRED-SVC 58.3 54.0 52.2

excluding the special token O, time-stamp token T , and speaker
tokens D.

For SOMSRED-SVC, we experimented with the loss
weight α = 0.1, 1, 10, 100. Table 1 shows the CER and EER
results on single-talker’s speech of validation data trained with
different α. We can see that a large loss weight leads to a bet-
ter EER, but setting it too high deteriorates the ASR perfor-
mance. Considering the balance between CER and EER, we set
α = 10.

4.4. Results

Table 2 shows the evaluation results. For reference, the EER
of the speaker model used to generate the target uk was 4.8 %,
which represents the lower bound. As we can see, SOMSRED-
SVC outperforms SOMSRED in terms of both CER and EER
while achieving a comparable performance in terms of TER
and SCA, which means that SOMSRED-SVC improves the per-
formance of ASR while making the speaker embeddings more
distinctive. Moreover, although SOMSRED-SVC uses a single
speaker token (M = 1), the speaker embedding becomes more
distinctive than that of SOMSRED, which uses five speaker to-
kens (M = 5).

There is clearly a trade-off between CER and EER regard-
ing the number of speaker tokens M in SOMSRED: as M in-
creases, EER improves while CER degrades. We assume this
is because although the large M represents the speaker embed-
ding more precisely in discretized speaker embedding space,
it is difficult for the model to estimate the residual part, i.e.,
M > 1, of the discretized speaker embedding, which makes
the training difficult and degrades the ASR performance. In

contrast, since SOMSRED-SVC directly optimizes speaker em-
beddings in continuous space, the speaker embeddings become
more distinctive. Moreover, comparing SOMSRED (M = 1)
to SOMSRED-SVC, we can see that the direct optimization im-
proves the ASR performance even when the same number of
speaker token is used. We assume this is because the introduced
loss helps avoid overfitting to the speaker tokens of the training
data. Table 3 shows the accuracy of the predicted speaker to-
ken on the training dataset. Note that the speaker token is not
used for inference in either SOMSRED or SOMSRED-SVC,
where the speaker embeddings obtained from intermediate fea-
tures are utilized to assign speaker tags. We can see that the ac-
curacy of SOMSRED is higher than that of SOMSRED-SVC,
which is presumably what degrades the ASR performance and
speaker embedding performance. Since speaker tokens corre-
spond to the point of the discretized speaker embeddings space,
poorly fitting speaker tokens are assigned when the utterance is
far from any point in a discrete speaker embedding space. The
proposed training reduces the weight to estimate these speaker
tokens while increasing the weight to estimate speaker embed-
dings in continuous space, which helps avoid the overfitting to
the speaker token and improves the ASR and speaker embed-
ding performance.

5. Conclusion
In this paper, we proposed SOMSRED-SVC, which is a se-
quential output model trained with speaker vector constraints
loss for the joint modeling of multi-talker overlapped speech
recognition and speaker diarization. The conventional method,
SOMSRED, discretizes the speaker embedding space to treat
the speaker embeddings as tokens, and although this enables
SOMSRED to estimate speaker embeddings even from fully
overlapped speeches and outperform other methods that utilize
only non-overlapped speech segments for speaker embedding
estimation, the speaker embedding obtained with SOMSRED
becomes less distinctive compared to the speaker embedding di-
rectly obtained from non-overlapping speeches. To address this
problem, we introduced a new training criterion that directly
optimizes speaker embeddings in continuous space without dis-
cretization. The model is trained with the weighted sum of the
conventional cross-entropy loss and the newly introduced loss
for speaker embedding. Experimental results on the CSJ dataset
demonstrate that SOMSRED-SVC outperforms SOMSRED in
terms of both ASR performance and speaker embedding perfor-
mance.
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