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ABSTRACT

Traditionally, automatic speech recognition (ASR) and speaker
change detection (SCD) systems have been independently
trained to generate comprehensive transcripts accompanied
by speaker turns. Recently, joint training of ASR and SCD
systems, by inserting speaker turn tokens in the ASR training
text, has been shown to be successful. In this work, we present
a multitask alternative to the joint training approach. Results
obtained on the mix-headset audios of AMI corpus show that
the proposed multitask training yields an absolute improve-
ment of 1.8% in coverage and purity based F1 score on SCD
task without ASR degradation. We also examine the trade-
offs between the ASR and SCD performance when trained
using multitask criteria. Additionally, we validate the speaker
change information in the embedding spaces obtained after
different transformer layers of a self-supervised pre-trained
model, such as XLSR-53, by integrating an SCD classifier at
the output of specific transformer layers. Results reveal that
the use of different embedding spaces from XLSR-53 model
for multitask ASR and SCD is advantageous.1

Index Terms— speaker change detection, speaker turn
detection, speech recognition, multitask learning, F1 score

1. INTRODUCTION

Speaker change detection (SCD) is the task of finding precise
time instances in audio where speaker transitions occur. The
SCD systems find utility in many tasks such as speaker di-
arization (SD) [1, 2], measuring speaking time per speaker,
and speaker-specific emotion analysis for tracking customer-
agent interactions [3] in call center analytics. In many of these
use cases, a precise speaker change timestamp is required.

Conventionally, separate systems for automatic speech
recognition (ASR) and SCD tasks [1, 4, 5, 6, 7] have been
explored. In many practical scenarios, it may be infeasible
to train and maintain independent models for ASR and SCD.
Recently, joint training of ASR and SCD [8, 9, 10, 11, 12]
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1We release scripts for data processing and model evaluation: https:
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has been proposed. The joint system trains ASR by aug-
menting reference text with speaker turn tokens. There are
various limitations to this approach. First, the tight coupling
of SCD with ASR was observed to result in error propaga-
tion. Second, the SCD model can not be tuned independently
to adapt to various speech variability unseen during training.
Third, popular end-to-end (E2E) ASR training frameworks
are known to output incorrect word timestamps [13, 14],
leading to erroneous speaker turn estimation. Fourth, usually
no specific focus is given to speaker turn token during ASR
training; despite some recent works [10, 11] in this direction,
they are still limited by ASR model capacity.

In this paper, we propose multitask training of ASR and
SCD where each task is learnt by a separate head taking in-
put from a shared model. The multitask architecture enables
task specific scaling and fine-tuning while mitigating the ef-
fect of ASR on the SCD performance at test time. Moreover,
we train the SCD model at the acoustic frame level which
typically has lower time granularity and does not rely on the
ASR output. The multitask model is trained using a weighted
linear combination of the task specific losses where weights
can be tuned for individual tasks. Inspired by the success of
self-supervised pre-trained models in speech tasks [15, 16],
we use XLSR-53 [15] as our base model. Speaker variabil-
ity may hurt the ASR performance [17]. It may be beneficial
to use different embedding spaces from XLSR-53 model as
input to ASR and SCD models. We study this by attaching
the SCD model at the output of different transformer layers
in XLSR-53 model while keeping the ASR model fixed at
the output of the last layer. Finally, we propose to combine
both the joint training approaches to train a multitask model
with speaker turn token in train text data. Overall, we show
that the proposed multitask training improves the SCD with-
out noticeable degradation in the ASR.

2. JOINT ASR AND SCD
The section delves into a robust baseline for the joint system,
followed by the introduction of our multitask approach.

2.1. ASR with speaker token
In [8], the authors propose introducing speaker-specific to-
kens into the training text. In this paper, our focus is on de-
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Fig. 1. Multitask ASR and SCD model using pre-trained
XLSR-53 as base.

tecting speaker turns which allows us to use a single speaker
turn token [11] <spk> to be inserted into reference text for
ASR training. During inference, the predicted timestamps for
the word <spk> in the hypothesis are used as the speaker
change points in the audio. This system acts as a baseline for
the proposed method.

2.2. Proposed multitask approach

As shown in Figure 1, an SCD Head is attached to the out-
put of the XLSR-53 model. It takes audio embedding from
the XLSR-53 model as input and predicts the probability
of speaker change for each frame. This multitask model is
trained with an ASR objective applied at the output of the
ASR head and a two-class classification loss at the output
of the SCD head. For all our experiments, we use E2E-
LFMMI [18] loss to train our ASR system and binary cross
entropy (BCE) loss to train the SCD classifier. The final
loss which is used to train the multitask model is given by
L = E2E-LFMMI+λ∗BCE, where λ controls the effect
of the SCD classifier on overall training. In BCE loss calcu-
lation, class 1 correspond to frames with speaker changes. It
is reasonable to assume that speaker changes are much lower
than number of embedding frames in an audio, this could lead
to ineffective SCD classifier training due to a severe class im-
balance. To handle this imbalance, following [19] we label
±10 frames as class 1 for each speaker change timestamp.

During inference, output from both the ASR and SCD
heads is obtained. The output from the ASR head is pro-
cessed to arrive at the hypothesis text. A threshold is used on
the output from SCD head to decide whether a frame belongs
to class 1. The consecutive frames of class 1 are defined as a
chunk and we extract all such chunks for an utterance. Fol-
lowing the labeling paradigm during training, if the length of
a chunk is less than 21 frames, the timestamp corresponding
to the middle frame is the predicted speaker change times-
tamp with a duration equal to half of the chunk duration. But
if the length of a chunk is more than 21 frames, we simultane-
ously loop from start and end in steps of 21 frames till these
two directions meet or overlap and similarly calculate the turn
timestamps and duration for all such splits.

3. DATASET
AMI [20] dataset has been extensively used in past for
analysing meetings specifically for ASR and keyword spot-
ting [21], including new approaches to remove the mismatch
between close-talking and distant-talking conditions [22].
Kaldi [23] s5b recipe for AMI [20] is used across this pa-
per, which includes audios sampled at 16 kHz. It contains
train, dev, and eval splits for individual head microphone
(IHM), termed as IHMorig. The default segments file con-
tains utterances from one speaker which can not be used for
SCD. Hence, we prepare a synthetic dataset containing varied
number of speakers in a single utterance from default splits.

Synthetic Data (IHMsyn): We begin by sorting all the
segments by the start time for each meeting. For each segment
in a meeting, we read raw audio between the segment end-
points from the corresponding microphone. Reference texts
for each segment are taken from the IHMorig. The audio and
text segments are concatenated until the combined audio du-
ration is within the maximum limit. We choose 20s as the
maximum duration of an utterance due to the relatively high
memory requirement of the XLSR-53 model during training.
If there is a speaker change, the concatenation point in audio
serves as the change timestamp and the <spk> is inserted
into reference texts. The concatenated audio and text are then
dumped to disk as a single utterance. This process is per-
formed for all splits in the IHMorig dataset. Note that the
precise speaker change point is known for all utterances in
the IHMsyn dataset which is required to train our multitask
model. Also, no randomness is introduced and no segment
is rejected. In the IHMsyn dataset, approximately 7.2% of
words in the train set, 7.5% in the dev set, and 7.6% in the
eval set are <spk> tokens. The number of speaker changes
in an utterance ranges from 0 to 18, with 84% in the train set,
83% in the dev set, and 81% in the eval set containing at least
one speaker change. The wide range of speaker turns per ut-
terance provides diverse scenarios for training and evaluation.

AMI Mix-Headset (IHMmix): To compare the perfor-
mance of the baseline and multitask model on real conversa-
tion data, we evaluate on the “mix-headset” audios from the
AMI corpus. The audios are segmented into chunks of max-
imum 20 s while respecting the original segment boundaries
so as to avoid cutting in between a segment. We concatenate
the text of segments within a chunk according to their start
time and insert <spk> token if there is a speaker change.

4. EVALUATION METRICS

We use the standard word error rate (WER) to measure the
ASR performance. For SCD, precise speaker change times-
tamps are needed for many use cases. We measure timestamp
precision (P), recall (R), and F1 score to reflect the same. For
IHMmix test sets, measuring timestamps precision and recall
is ambiguous due to overlap. So we report coverage (Cov),
purity (Pur), and their F1 score [4] for all our experiments.
These metrics are collectively termed SCD metrics.
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We use a simple version of the Hungarian Matching al-
gorithm [24] to calculate precision and recall owing to the
monotonous nature of the token timestamps. The speaker
change timestamps are first sorted by time for both reference
and hypothesis and then matched between the two. A col-
lar of 250ms is used during timestamp matching, which is
a common practice in speaker diarization literature [2]. If a
timestamp from reference is matched with the hypothesis, it
is considered true positive (TP) else false negative (FN). Any
timestamp in the hypothesis not matched with reference is
counted as a false positive (FP). Precision and recall are cal-
culated using their standard definition.

Segment coverage, purity and their F1 score [4] have
been commonly used evaluation metrics for SCD. Compared
to the reference, detecting an excessive number of speaker
changes would yield high purity but low coverage, whereas
missing many speaker changes would reduce purity. The
harmonic mean of these metrics is referred as the F1 score,
which serves as a good indicator for assessing the accuracy
of both the number of speaker changes and the correspond-
ing timestamp predictions within the hypothesis. We use
pyannote.metrics [25] to compute these metrics.

5. EXPERIMENTAL SETUP

To validate our experimental setup, we begin by training sep-
arate ASR and SCD systems. The ASR system is trained
on IHMorig dataset and the SCD system is trained on the
IHMsyn dataset. We also train a standalone ASR system on
the IHMsyn without speaker token in the reference text which
may serve as a sanity test of the synthetic dataset. We utilize
PyTorch [26] and Fairseq [27] toolkits to train all our models.

ASR system: Following [28], our acoustic model (AM)
uses the pre-trained XLSR-53 model as base, followed by
ASR head. The ASR head consists of 3 factorized time-delay
neural network (TDNN-F) [29] layers. We use PkWrap [30]
toolkit for TDNN-F layer. The AM model is trained on
biphone units using the E2E-LFMMI criteria. We use
Adam [31] optimizer with a weight decay of 1e-2 and train
for 35′000 steps. Initially, the learning rate is set to 3e-5, then
increased linearly for the first 10% of the steps, held constant
for the next 40%, and decreased linearly for the last 50% of
the steps. We use the Espresso [32] toolkit for E2E-LFMMI
loss calculation which relies on PyChain [33] to implement
the LFMMI loss. A 3-gram language model (LM) model is
trained by following the Kaldi s5b recipe for the AMI dataset
and IHM mic type. For decoding, the WFST decoder from
Kaldi is used with a beam width of 15. Throughout this paper,
the same model architecture, training, and decoding setup is
used to train and decode the ASR system.

SCD system: A standalone SCD model employs an SCD
head, comprising one input layer and one output layer, on
the pre-trained XLSR-53 model. The input layer consists of
a linear layer (output size: 512) followed by the GELU [37]
activation function and LayerNorm [38] The output layer

Table 1. ASR comparison, in WER (%), on the standard dev
and eval sets of AMI IHM with the AMI recipes available
from popular toolkits. Our ASR model consists of TDNN-
F layers stacked after the pre-trained XLSR-53 model and
trained using the E2E-LFMMI objective.

Recipe dev eval

Kaldi s5b [34] 18.9 19.3

Espnet egs2 [35] 17.7 16.5

K2-Icefall [36] 18.9 17.4

XLSR-TDNNF-LFMMI (ours) 14.6 12.6

includes a linear layer and sigmoid activation, producing
speaker change probabilities for each frame. The SCD model
is trained using BCE loss. We use the same architecture for
the SCD head throughout the paper. Both during training
and inference, we apply the labeling and post-processing
techniques described in Section 2.2.

5.1. ASR with speaker token (baseline)
We use the same model architecture and training setup as the
ASR system but the AM is trained on IHMsyn dataset. It may
be noted here that the speaker tag <spk> is not present in
our vocabulary. We add a new phone <spk> as a non-silence
phone in our phone set, add this token in the lexicon as a word
pronounced by the new phone, and re-train our Kaldi style
lang. This lang is used to build the numerator and denomina-
tor graphs required by the E2E-LFMMI objective. We train a
3-gram LM using text from IHMsyn train split which is used
for WFST-based decoding for all our experiments when the
speaker token is present in text. We generate the ctm files dur-
ing decoding and use the timestamps of the predicted <spk>
tokens in hypothesis as speaker change points.

5.2. Multitask ASR and SCD
We train the proposed multitask model on the IHMsyn dataset
after removing <spk> tags from reference text and use the
same training setup as the ASR system. At inference time, the
output of the ASR head is used for WFST decoding to arrive
at hypothesis text and the output of the SCD head is further
processed to calculate speaker change metrics. We train a 3-
gram LM on IHMsyn train data without speaker tokens, using
it for decoding for all experiments where model is trained on
this data but speaker tokens are absent in the text. Same train-
ing and decoding setup is used in all multitask experiments.
Further, we combine both the joint training approaches and
train a multitask model on the IHMsyn dataset with <spk>
present in the reference text. The lang and LM described in
Section 5.1 are used for training and decoding. Note that the
SCD metrics can be calculated from the predicted speaker to-
ken in the hypothesis or from the SCD head output.

6. RESULTS
We begin by benchmarking our ASR system against publicly
available results from popular toolkits on the AMI dataset.
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Table 2. Comparison of ASR and SCD tasks on metrics de-
scribed in Section 4 for baseline and proposed systems. All
models are trained on the synthetic data except the ASR†

model which is trained and tested on IHMorig. Here, P is
precision, R is recall, Cov is coverage and Pur is purity. All
numbers are in percentage (%).

System
<spk>
token in

text
WER P R F1

(P&R) Cov Pur
F1

(Cov
&Pur)

Separate Models, tested on synthetic eval set

ASR† % 12.6 - - - - - -

ASR % 13.0 - - - - - -

SCD % - 96.3 97.0 96.6 99.0 98.9 98.9

Joint ASR and SCD, tested on synthetic eval set

ASR ! 13.1 92.4 94.9 93.6 96.3 97.3 96.6

multitask % 13.8 93.8 97.2 95.5 98.5 98.9 98.7

multitask ! 13.2 - - - - - -

– <spk> - - 98.0 95.6 96.8 96.4 96.5 96.4

– SCD head - - 94.8 96.7 95.8 98.7 98.9 98.7

Joint ASR and SCD, tested on IHM Mix-Headset eval set

ASR % 26.0 - - - - - -

ASR ! 29.9 - - - 95.9 79.6 85.8

multitask % 26.3 - - - 92.1 85.3 87.6

From Table 1, it can be seen that our ASR system XLSR-
TDNNF-LFMMI shows significantly better ASR results. A
possible reason is that unlike other recipes which start with
supervised training from scratch, we exploit a pre-trained
XLSR-53 model which shows competitive results [15] even
when trained with a very little amount of supervised data.
In Table 2, results for baselines and proposed methods are
reported. Due to space constraints, here we only report the
results on the eval set. It can be seen that the joint training
slightly degrades the ASR performance as previously reported
in [8]. At the same time, the proposed multitask approaches
improve the speaker change detection metrics significantly.
Compared to the baseline system when ASR is trained on
text augmented with speaker-turn token, on synthetic data,
we observe an absolute improvement of 1.9% in F1 score
(P&R) and 2.1% in F1 score (Pur&Cov). On IHMmix set,
precision and recall calculation is ambiguous due to overlap
where precise speaker change timestamp is not available, so
we only measure coverage and purity. We observe an abso-
lute improvement of 1.8% in their F1 score. Further, we train
the multitask model with <spk> token in the reference text.
Achieved results suggest that multitask training improves the
performance of SCD even when the metrics are calculated
from the speaker token predicted in the hypothesis. Inter-
estingly, we observe high precision using the speaker tokens
and high recall when using the output of the SCD head which
may be exploited further for overall prediction.

Table 3. ASR and SCD tasks with given metrics for multitask
model trained without <spk> in text, with input to the SCD
head coming from different transformer layers. Training and
testing are done on the synthetic dataset. Results are on the
eval set. Note in Figure 1 that the layers are indexed from the
top. λ in the multitask loss is kept as 1.0. Numbers are in %.

input
layer WER P R F1

(P&R) Cov Pur F1
(Cov&Pur)

1 13.8 93.8 97.2 95.5 98.5 98.9 98.7

2 13.2 96.1 96.9 96.5 99.0 98.9 98.9

4 13.3 95.9 97.2 96.5 98.9 98.9 98.9

10 13.3 94.9 96.6 95.7 98.9 98.8 98.8

We experiment with different values of λ in the multitask
loss to study its effects on the ASR and SCD performance. We
observe that reducing λ from 1 to 0.5 and then to 0.1 improves
ASR performance but degrades SCD metrics monotonically.

Speaker variabilities may hurt the ASR performance [17].
We attach the SCD head at the output of different transformer
layers of the context network in the XLSR-53 model to mit-
igate the adverse effects of the SCD task on ASR and report
the results in Table 3. There are 24 transformer layers in the
XLSR-53 model and we start indexing from the top, shown in
Figure 1. When the input to the SCD head is from layer 2, we
see improvements in WER as well as speaker change metrics.
Further, we give input to SCD head from much deeper layers
but we either don’t see any meaningful change in the results
or a degradation. Our results support the hypothesis that SCD
adversely affects ASR but its effect can be reduced by consid-
ering different embedding spaces from the XLSR-53 model as
input to ASR and SCD heads.

Overall, it is clear from the results that multitask training
notably enhances SCD performance. At the same time, it is
better to use different embedding spaces for detecting speaker
change and ASR. Depending upon the practical use-case, a
combination of multitask and speaker token in reference text
can be used to obtain better WER and speaker change metrics.

7. CONCLUSION
We introduce a multitask training method for joint speech
recognition and speaker change detection. Experiments on
the AMI corpus demonstrate that the proposed multitask
model improves the speaker change detection metrics signif-
icantly without any degradation in ASR accuracy. We also
show that it is better to use different embedding spaces from
a self-supervised model like XLSR-53 for multitask ASR
and speaker change tasks as compared to the outputs from
the last layer. A combination of using speaker token aug-
mented reference text for ASR training with speaker change
detection classifier in a multitask fashion yields the best per-
formance. Overall, compared to the baseline system when
ASR is trained on text augmented with speaker-turn token,
our proposed method yields an absolute improvement of 5.6%
in precision, 0.7% in recall, and 3.2% in F1 score on eval set
for SCD task with negligible impact on ASR accuracy.
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