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Abstract—We address the effective use of speaker information
for automatic speech recognition (ASR) in a speaker-imbalanced
dataset. Recently, joint speaker and speech recognition has
been investigated in end-to-end (E2E) systems. However, speaker
information as the output of speaker recognition (SRE) is not
explicitly used for ASR in these systems. Inspired by speaker
embedding for ASR, we propose a direct connection of SRE to the
ASR decoder. The E2E architecture allows for backpropagating
the ASR loss to the SRE decoder, resulting in joint optimisation.
The architecture is beneficial for speaker-sparse datasets such as
meetings and low-resource language settings, in which speaker
clustering is conducted to compensate minor speakers. We also
make a systematic comparison of our proposed method with
other methods, including multi-task learning (MTL), adversarial
learning (AL), and speaker attribute augmentation (SAug). It
is shown that the use of speaker cluster information improves
both ASR and SRE, and the proposed method outperforms other
methods. It reduces errors of the baseline model by 3.35% and
8.23% for ASR and SRE, respectively.

I. INTRODUCTION

Speech technology has been significantly improved in the
last decade with the advancement of deep learning techniques
and computing resources. With this advancement, end-to-end
(E2E) modelling [1], [2], [3], [4], [5] solves the complex prob-
lem of sequence labelling between input speech and output
labels. It has been applied to automatic speech recognition
(ASR) and speaker recognition (SRE), achieving promising
results. ASR and SRE are complementary to each other. This
means that we can decipher speech content and other meta
information together and simultaneously. In other words, when
we identify speakers, it is often easy to recognise their speech.

In this context, several previous studies investigated the
embedding of speaker information into E2E ASR systems.
In [6], speaker-representing features were extracted using a
sequence summary network and then added to the encoder
input as auxiliary features. Instead of using i-vectors directly
as speaker embedding, Fan et al. [7] generated speaker em-
bedding by concatenating the attention of the encoder output
to i-vectors at each time step. Similarly, a speaker-aware
persistent memory [8] concatenated i-vectors to the speech
encoder self-attention part of the Transformer [5]. Within the
same architecture, Shetty et al. [9] studied the effectiveness
of providing speaker information on ASR, such as one-hot
speaker vector and x-vector embedded into input and output
of the encoder, and Sari et al. [10] proposed the speaker
embedding by concatenating the memory vector (M-vector), a

memory block that holds the extracted speaker i-vectors from
training data and relevant i-vectors from the memory through
an attention mechanism, to the acoustic features or to the
hidden layer. In this approach, although speaker information
is used to improve ASR, it neither explicitly conduct SRE nor
use the supervision of the speaker information for ASR.

Another approach is joint SRE and ASR. Multi-task learning
(MTL) is introduced to unify the training of transcribing the
speech and identifying the speakers simultaneously by sharing
the same speech feature extraction layers [11], [12], [13].
Adversarial learning (AL) adopts a similar architecture to that
of MTL but learns a speaker-invariant model so that it is
more generalised to new speakers by reducing the effects of
speaker variability [14], [15], [16], [17], [18]. Most recently,
speech attribute augmentation (SAug) was introduced as a
fully E2E system integrating SRE and ASR; SAug embeds
the speaker attribute tags into the training label and generates
those tags together with the transcription in a single encoder-
decoder model [19], [20], [21]. Unlike the speaker embedding
approach, however, these methods do not use the speaker
information explicitly for ASR.

Generally, E2E models require a large amount of speech
corpus and work well with a balanced amount of speech per
speaker, as in the cases of Librispeech [22], TEDLIUM [23]
and the Corpus of Spontaneous Japanese [24]. On the other
hand, in many low-resource languages, this assumption does
not hold and utterance amounts over speakers are unbalanced,
in that there are often dominant speakers and auxiliary speak-
ers. This is called the class imbalance or speaker imbalance
problem. It also occurs in resource-rich languages in many
cases such as TV programs, meetings, and court proceedings,
in which there is a limited set of speakers.

In this work, we address the effective use of speaker
information for ASR and also tackle the speaker-imbalanced
problem using the corpus of the Extraordinary Chambers in
the Courts of Cambodia (ECCC). We identify major speakers
and compensate minor speakers by clustering them. Inspired
by the speaker embedding for ASR, we propose an extension
of MTL that shares the encoder for SRE and ASR, and takes
the speaker output of SRE as the speaker embedding, then
feeds it to the ASR decoder. We investigate the effectiveness of
using this speaker embedding in the Transformer decoder. We
also compare our proposed method with MTL, AL, and SAug
systems, which perform the SRE and ASR simultaneously. We
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Fig. 1: Overview of joint speaker and speech recognition
methods. MTL: multi-task learning, AL: adversarial learning,
SAug: speech attribute augmentation.

find that our proposed method improves the performance of
both SRE and ASR concurrently.

The rest of this paper is structured as follows. Section II
gives an overview of joint speaker and speech recognition
methods. We present the detailed concept of our proposed
method in Section III. In Section IV, we describe the setup
of the experiments and the results. We conclude the paper in
Section V.

II. JOINT SPEAKER AND SPEECH RECOGNITION

In this section, we review previous methods for joint speaker
and speech recognition. We present the system architectures
built on top of the Transformer architecture to produce the
speaker ID and speech transcription in single or multiple
decoders.

A. Multi-Task Learning (MTL)

In MTL, both SRE and ASR are given the same sequence of
acoustic features Xt = {x1, ..., xn} as input. A speaker ID, s,
is predicted in SRE, whereas a sequence of vocabulary tokens
Yt = {y1, ..., ym} is predicted in the ASR decoder. In this
system, we can benefit from sharing the same encoder and
employ a dual decoder of these tasks as shown in Figure 1a.
The encoder and ASR decoder are based on the Transformer
architecture, whereas the SRE decoder comprises two linear
layers followed by the ReLU and softmax activation functions.
Thus, in training this MTL network, we jointly optimise both
SRE and ASR losses. The loss is therefore defined as:

Ltotal = (1− α)Lasr + α ∗ Lsre, (1)

where α is the weight of the SRE task.
This joint recognition is possible when the number of

speakers is limited and there is a large amount of data for
each speaker. However, this method cannot be applied to the
case of many speakers with little data for each, and thus we
introduce clustering of the speakers.

B. Adversarial Learning (AL)

Similar but different from MTL, AL learns an acoustic
representation that is speaker invariant to reduce the speaker
variability by incorporating the adversarial loss of SRE, which
is combined with the loss of ASR. This network has a similar

architecture to MTL, but it uses the gradient reversal layer
(GRL) shown in Figure 1b, which reverses the gradient of
backward propagation [14].

Let the parameters θenc, θasr and θsre respectively denote
the encoder, ASR and SRE decoders. The parameters are
updated via back-propagation as follows:

θasr ←− θasr − ε
∂Lasr

∂θasr
, (2)

θsre ←− θsre − ε
∂Lsre

∂θsre
, (3)

θenc ←− θenc − ε(
∂Lasr

∂θenc
− λ∂Lsre

∂θenc
), (4)

where ε is a learning rate and a negative coefficient -λ
is used to remove the speaker variability from the speaker
classification.

AL learns to improve the ASR as a main task, whereas
SRE is an auxiliary task. AL intends to be robust for unseen
speakers, but it does not leverage speaker information for ASR.

C. Speech Attribute Augmentation (SAug)

SAug is a fully E2E method integrating SRE and ASR in
a single encoder-decoder architecture. The speech attribute is
analogous to a language ID in a multilingual system. It can
be a speaker ID, gender or age label [20]. Speech attributes
are placed in front of the lexical token sequence of each
utterance. Given a sequence of acoustic features Xt, a model
must produce a label sequence Yt = {s, y1, ..., ym}, where s
is a speech attribute and y is a sequence of vocabulary tokens.

This network is usually trained to output the attribute label
at the beginning of speech transcription for each utterance
with a single decoder as shown in Figure 1c, and thus we
do not have to prepare classifiers for the attributes explicitly.
However, it is reported that the speaker ID attribute is not
effective for improving ASR [20] because SRE and ASR
are usually correlated negatively to each other. It is therefore
impractical to improve the performance of these tasks together
in a single decoder.

III. PROPOSED METHOD

As presented in Section II, MTL and AL do not use speaker
information explicitly for ASR, whereas SAug uses a single
decoder. In this study, we propose the direct use of the speaker
embedding of the SRE output to the ASR decoder. Unlike the
previous speaker embedding, the proposed architecture is an
E2E network, conducting both ASR and SRE with supervision
for speaker IDs. The proposed system is expected to be useful
for speaker-sparse and imbalanced datasets. The speaker infor-
mation is effective for major speakers, and speaker clustering
is conducted for minor speakers. The proposed network injects
a speaker output (ysre) into the ASR decoder as shown in
Figure 2. We investigate five options, namely self-attention
(A), after self-attention (B), cross-attention (C), after cross-
attention (D), and after the feed-forward network (E). Each of
these methods is tested one by one, and the combination of
two methods, such as AC and BD, is also evaluated. In this
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Fig. 2: Proposed method. ⊕ denotes the “sum” operation.

process, the ASR loss is backpropagated to the SRE network,
which means SRE is enhanced based on ASR.

Let henct , ysre, yt respectively denote the encoder output,
the SRE output, and the decoder input at time step t. The
embedding operation comprises the weighted sum of henct and
ysre or that of yt and ysre. Note that the operation in B, D or
E is merging between a residual network at the early time step
t−1 (yt−1) and the speaker information (ysre). Meanwhile, in
A, ysre is merged with the key of self-attention at the previous
time (Kt−1), and in C, ysre is combined with the key of cross-
attention at the current time (Kt).

IV. EXPERIMENTS

A. Data setup

The ECCC is a court established to prosecute senior lead-
ers who committed crimes during the period of Democratic
Kampuchea, namely the Khmer Rouge regime in Cambodia
from 1975 to 1979. We collected recordings of 222 sessions
of the first caseload that spanned from February 17, 2009 to
November 27, 2009. Each session had a length from 5 to
150 minutes and involved a wide range of speakers, including
the indicted person, witnesses, judges, clerks, co-prosecutors,
lawyers, civil parties and interpreters. The videos are uploaded
to the Youtube1, and the proceedings are published in a digital
format at the ECCC official website2.

We first built a large spontaneous speech corpus that is
comprised of 78,903 utterances (about 186 hours) with 28
speakers (22 male and 6 female). We then randomly split this
dataset into a test set and a training set by 5% and 95%,
respectively as presented in Table I.

Figure 3 illustrates the speaker distribution in the ECCC
corpus based on the duration of speech. It presents the
measurement in percentage of each speaker. This pie chart
shows that the dataset has a crucial speaker imbalance, in
that five major speakers, the president of the chamber, the
accused, and three interpreters, talk more than 70% of speech

1www.youtube.com/user/krtribunal/
2www.eccc.gov.kh/
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Fig. 3: Speaker distribution in the ECCC; five major speakers
are the president of the chamber, the accused and three
interpreters.

among all speakers. Similarly, it also shows that male speakers
are dominant compared to female speakers that have a small
proportion in the ”Other people” group. It means that the
gender-based classification is impractical. We thus classify
the speakers into a group of six (Gr6), comprising the five
major speakers and a combination of other speakers. Thus,
we experiment on the original dataset of 28 speakers (Gr28)
and Gr6 for our proposed method.

TABLE I: Data statistics used in this work

Dataset #utterance (#hour) #character
Training 75,170 (176) 6.02 M
Test 3,733 (10) 294 K
Total 78,903 (186) 6.30 M

B. System Configurations

1) Baseline System: We adopt a Transformer-based ASR
system, which is comprised of the encoder block (Ne = 6)
and the decoder block (Nd = 6) with the feed-forward
inner dimension of 1024, the model dimension of 256, and
the attention head number of 4, which are unchanged in all
experiments. The 80-dimensional log-Mel filter bank features,
which were mean and variance normalised per speaker, were
extracted with a 10-ms frame shift of a 25-ms window. We
then subsampled the input features using a two-layer time-axis
CNN with ReLU activation with 256 channels, stride size 2,
and kernel size 3. The model was jointly trained with CTC
(weight α = 0.2). The “noam” optimiser was used with 25,000
warmup steps and an initial learning rate of 5. The model was
trained with ESPnet toolkit [25] using 32 batch size for 30
epochs on a 12-GB Titan X GPU.

For the baseline SRE, we separately experimented using the
x-vector [26] following Kaldi’s SRE16 recipe.

2) MTL and AL Systems: The MTL and AL network takes
the 80-dimensional log-Mel filterbank features to produce
a sequence of vocabulary tokens Yt and a speaker label s
separately. Here Yt has 73 characters and s has 6 speaker IDs.
The ASR decoder is the same as the baseline system, whereas
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the SRE decoder takes a mean value of henct of the encoder
output in 256 dimensions and feeds it to a linear layer followed
by the ReLU activation function and then down-projects to six
as the number of speakers using another linear layer. Finally,
we use a softmax layer to generate the speaker label output.
In the preliminary experiments, we tested α ∈ {0.2, 0.5, 0.7},
and found that α = 0.5 gives the best performance.

In the GRL of AL shown in Figure 1b, we multiply the
gradient by λ = −1 to compute the reversed gradient at the
backward propagation phase, whereas in the forward propaga-
tion phase, MTL and AL are acted in the same operation.

3) SAug System: The SAug system is a single encoder-
decoder similar to the original Transformer architecture. The
configuration of this model is therefore the same as that of
the baseline system except for the output label. The six-
speaker IDs were embedded as the speech attribute labels
to ground-truth in training similar to [20]. These IDs are
generated together with speech transcription. We thus calculate
SRE performance with the speaker attribute label and simply
remove this beginning attribute from the transcription and then
calculate the character error rate (CER) for ASR performance.

4) Proposed System: We conduct experiments on both Gr28
and Gr6. For the speaker embedding operation, we investigate
each option from A to E and layer-wise from lower to deeper
by a single layer or multiple layers.

The summation of vectors is used in this operation. We
take the speaker output vectors having 28 (Gr28) or 6 (Gr6)
dimensions according to the number of speakers in the training
set, which is enlarged via a linear layer to 256 dimensions to
match the encoder layer output or decoder input. We then
normalise this output using a layer normalisation [27] before
executing the summation operation. Only in the C option, we
sum with the output of the encoder. Otherwise, we sum with
a residual output of the decoder module.

C. Results and Discussions

We evaluate the performance of all ASR models on the
basis of the CER, whereas the SRE performance is on the
basis of the ratio of utterances of incorrect prediction. Table II
presents the best performance of ASR and SRE with each
method. Only for the baseline system, ASR and SRE were
conducted with different models, in which SRE is conducted
with the x-vector model. The table shows that the SAug has
a better result for SRE, but it is not as effective as MTL,
AL and the proposed method in terms of ASR performance.
This suggests that it is difficult to train the model in a single
decoder. The use of AL improved the ASR, however, it does
not work as SRE. MTL is effective for both tasks, but our
proposed method is more effective than the other compared
methods in the clustering (Gr6) settings. This demonstrates
that embedding speaker information to the ASR decoder does
not only improve the ASR but also tune the performance
of SRE. Moreover, Gr6 gives better performance than Gr28,
showing that the combination of minor speakers is critical to
solve the speaker-imbalanced problem.

Regarding our proposed method, we compared different
options of the speaker embedding applied to all layers of
the decoder. Table III shows that combined options AC is
the most effective in both tasks. With this AC option, we
tested the layer-wise performance by embedding the speaker
information into a single layer or multiple layers. Table IV
shows that embedding the speaker information into only a
single layer is as effective as embedding into all layers in
terms of ASR performance but slightly degrades the SRE
performance. Moreover, it is shown that embedding speaker
information into lower layers of the decoder shows better
improvement for SRE and ASR together. This is reasonable as
the speaker information is usually reduced in the ASR decoder.

In summary, our proposed method improved not only ASR
but also SRE performance from the baseline model by 3.35%
and 8.23% for ASR and SRE, respectively.

TABLE II: Comparison of all systems for SRE and ASR.

System SRE ASR
(%incorrect) (%CER)

Baseline (Gr6)
- X-vector 9.72 /
- Transformer / 7.46
Joint speaker and speech recognition methods
- MTL (Gr6) 9.09 7.30
- AL (Gr6) 75.16 7.30
- SAug (Gr6) 8.81 7.37
Proposed method
- Gr6 (option AC; all layers) 8.97 7.21
- Gr28 (option AC; all layers) 11.27 7.26

TABLE III: Comparison of embedding options applied to all
layers in our proposed method (Gr6)

Embedded option (all layers) SRE ASR
(%incorrect) (%CER)

Option A 9.08 7.30
Option B 9.10 7.33
Option C 9.21 7.26
Option D 9.02 7.33
Option E 9.18 7.26
Option AC 8.97 7.21
Option BD 8.92 7.40

TABLE IV: Comparison of layer-wise applications of AC
option of our proposed method (Gr6)

Embedded Layer (AC) SRE ASR
(%incorrect) (%CER)

Layer 1 9.18 7.20
Layer 2 9.10 7.26
Layer 3 9.35 7.33
Layer 4 9.26 7.30
Layer 5 9.24 7.35
Layer 6 9.91 7.26
Layer 1,2 9.02 7.28
Layer 1,2,3 9.10 7.24
Layer 1,2,3,4 9.08 7.27
Layer 5,6 9.48 7.29
Layer 4,5,6 9.61 7.28
Layer 3,4,5,6 9.30 7.27
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V. CONCLUSIONS

In this work, we present a method that integrates the
speaker information into the ASR decoder and also address the
problem of speaker-imbalanced problem in ASR by identifying
major speakers and clustering other minor speakers. The
proposed method outperformed MTL and AL in both ASR and
SRE, and it outperformed SAug in term of ASR performance
in a large margin. It has the potential to be extended to
multilingual systems in the future.
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