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Abstract

This paper investigates an age-invariant speaker embedding ap-
proach to speaker diarization, which is an essential step towards
the automatic cognitive assessments from speech. Studies have
shown that incorporating speaker traits (e.g., age, gender, etc.)
can improve speaker diarization performance. However, we
found that age information in the speaker embeddings is detri-
mental to speaker diarization if there is a severe mismatch be-
tween the age distributions in the training data and test data.
To minimize the detrimental effect of age mismatch, an adver-
sarial training strategy is introduced to remove age variability
from the utterance-level speaker embeddings. Evaluations on
an interactive dialog dataset for Montreal cognitive assessments
(MoCA) show that the adversarial training strategy can pro-
duce age-invariant embeddings and reduce diarization error rate
(DER) by 4.33%. The approach also outperforms the conven-
tional method even with less training data.
Index Terms: speaker diarization, Montreal cognitive assess-
ments, age-invariant speaker embedding, deep neural networks

1. Introduction
Cognitive tests are tools for evaluating the cognitive capabilities
of humans. There are different types of cognitive tests, such
as Montreal cognitive assessments (MoCA) [1], Mini-Mental
State Examination (MMSE) [2], and Mini-Cog [3]. Among
them, MoCA is a widely used cognitive screening test for de-
tecting mild cognitive impairment (MCI) and Alzheimer’s dis-
ease in older adults (aged 65 years and above) [1]. One of the
most obvious symptoms of MCI and Alzheimer’s disease is ir-
regularities in the patient’s speech. Therefore, automatic analy-
sis of speech-based MoCA recordings is a useful way to assist
specialists in diagnosing early-stage MCI and Alzheimer’s dis-
ease [4]. To this end, it is essential to develop a speech analysis
system that performs automatic speech recognition and deter-
mines who spoke when (i.e., speaker diarization) in the cogni-
tive assessments. In this work, we focus on the diarization of
MoCA recordings.

Speaker embedding extraction is an essential step for text-
independent speaker recognition. Speaker embedding has also
been used in speech recognition [5], speech enhancement [6],
and speaker diarization [7]. Research [8, 9] on speaker embed-
ding mainly focused on long utterances (over 5 seconds). Nev-
ertheless, speaker embedding on short utterances is also impor-
tant [10]; this is especially the case for the diarization of MoCA
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recordings because of the large number of short utterances (less
than 1 second) in the interactive dialogs.

Research has found that speaker traits such as age, gender,
personality, and voice likability are useful for speaker diariza-
tion [11, 12]. In light of this finding, we performed multi-task
learning to enrich the age information in the speaker embed-
ding in the early stage of this study. However, because MoCA
recordings contain elderly speech, there is an age mismatch be-
tween the training data and test data. It turned out that having
more age information in the embedding hurts diarization perfor-
mance instead of helping it. Therefore, in this work, we lever-
age the idea of domain adversarial neural networks (DANN)
[13, 14] to reduce the age variability in the embeddings, which
in turn overcomes the age mismatch.

2. Speaker Embedding for Speaker
Diarization

In speaker diarization, a conversation involving two or more
speakers is divided into a number of overlapping segments.
Typically, each segment has a duration of 1.5 seconds, with
an overlap of 0.75 seconds. An x-vector extractor [8] is ap-
plied to extract a speaker-dependent x-vector for each segment.
A PLDA model [15, 16] is then used to compute the pairwise
scores of the x-vectors, where each score represents the speaker
similarity of two segments. Agglomerative hierarchical clus-
tering [17] or spectral clustering [18] is then applied to the pair-
wise score matrix to determine the number of speakers and their
speech segments’ locations within the conversation.

3. Age-Invariant Speaker Embedding with
Adversarial Learning

One purpose of this research is to verify the hypothesis that age
information in speaker embeddings could be harmful to diariza-
tion performance if there is a severe mismatch between the age
distributions of training and testing data. If it is the case, adver-
sarial learning can be leveraged to make the embeddings less
dependent on age so that the mismatch can be reduced. Age-
invariance can be achieved by adding an age classifier and a
gradient reversal layer to an utterance-level layer of the x-vector
network as shown in Figure 1. The gradient reversal layer keeps
the input unchanged during forward propagation but reverses
the gradient during backpropagation. This is done by multi-
plying the gradient with a certain negative constant (the second
term in Eq. 1). The reversal of gradient during backpropagation
update of the lower part of the x-vector network (below FC6 in
Figure 1) assures that the x-vectors are speaker discriminative
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Figure 1: The x-vector network with adversarial learning. Age-
invariant x-vectors can be extracted at layer 6. TDNN and FC
represent the time delay neural networks and the fully connected
networks, respectively.

but age confusing, thereby forcing the vectors to be age invari-
ant.

In this work, we applied an x-vector system that uses
time-delay deep neural networks (TDNNs) [8] to extract age-
invariant speaker embeddings. Figure 1 illustrates the struc-
ture of the network, which comprises three parts: shared en-
coder Ge(·; θe) with parameters θe, speaker classifier Gs(·; θs)
with parameters θs, and age classifier Ga(·; θa) with param-
eters θa. The vector sequence {x1,x2, . . . ,xT } denotes the
input of the shared encoder, which are 23-dimensional MFCCs
with a frame-length of 25ms and a frame shift of 10 ms. The
shared encoder operates at the frame-level, which consists of
five time-delay layers. Specifically, assume that t is the current
time step; the frames at {t− 2, . . . , t+ 2} are spliced together
in the layer TDNN1. In the TDNN2 and TDNN3, we splice to-
gether the output of the previous layer at frames {t−2, t, t+2}
and {t − 3, t, t + 3}, respectively. There is no temporal con-
text in the last two layers (TDNN4 and TDNN5). A statistical
pooling layer is used to aggregate over the frame-level repre-
sentation into a feature vector. The frame-level statistics of the
input segment are concatenated as the input of a fully connected
layer (FC6). Finally, a speaker classifier and an age classifier are
added on top of FC6 for speaker classification and age classifi-
cation, respectively. Rectified linear units (ReLUs) are used as
activation functions in the model. The detailed configuration of
the network is shown in Table 1.

In Figure 1, the network is trained to optimize the cross-
entropy loss E(θe, θs, θa), which is composed of the speaker
loss Ls and the age loss La as follow:

E(θe, θs, θa) =

T∑
t=1

Lt
s(θe, θs)− λ

T∑
t=1

Lt
a(θe, θa), (1)

where

Lt
s(θe, θs) ≡ Ls(Gs(Ge(xt; θe); θs), ys), (2)

Table 1: Configuration of the proposed speaker embedding net-
work. T is the segment length (1.5 seconds),N is the number of
speakers, and M is the number of outputs in the age classifier.
In this work, M = 1 because we only have two age groups.

Layer Layer Type Context In × Out
TDNN1 ConvReLU {t− 2, . . . , t+ 2} 115× 512
TDNN2 ConvReLU {t− 2, t, t+ 2} 1536× 512
TDNN3 ConvReLU {t− 3, t, t+ 3} 1536× 512
TDNN4 ConvReLU {t} 512× 512
TDNN5 ConvReLU {t} 512× 1500
Pooling Stats {0, . . . , T − 1} 1500× 3000

FC6 DenseReLU T 3000× 128
FC7 DenseReLU T 128× 128

Softmax1 Dense T 128×N
Softmax2 Dense T 128×M

Lt
a(θe, θa) ≡ La(Ga(Ge(xt; θe); θa), ya), (3)

where ys and ya denote the speaker label and age label, respec-
tively. Ls and La are the standard cross-entropy loss.

To maximize speaker classification performance, instead of
using the statistical pooling, a self-attention pooling layer [9] is
employed to derive a weighted mean and a weighted standard
deviation over each speech segment. We investigated the per-
formance of systems with and without the self-attention mech-
anism. The results will be shown in Section 5.

4. Experiments
4.1. Training Data

Training data include telephone conversations and interview
sessions from the National Institute of Standards and Technol-
ogy (NIST) Speaker Recognition Evaluations (SREs) and the
Switchboard (SWB) datasets. All utterances are in English. The
SRE portion consists of SREs from 2004 to 2010. The SWB
portion consists of SWB2 Phases 1, 2, and 3 as well as SWB
Cellular1 and Cellular2. Table 2 shows the source of data for
training the x-vector extractors in different experiments.

The SRE 2008–2010 datasets have over 25,000 telephone
conversations and interview sessions spoken by over 1,700
speakers between age 19 and 90. Figure 2 shows the age dis-
tributions of the datasets in terms of the number of utterances
spoken by these speakers. Two age groups were defined in our
experiments: young (under 60) and senior. We can see that the
number of utterances of the young group is much larger than
that of the senior group. However, in the MoCA data that we
used for evaluation (see Section 4.2), each cognitive assessment
session comprises a young assessor and a senior. The lack of
senior speakers in the training data could make the x-vector ex-
tractor biases towards the young speakers, causing unreliable
detection of the senior speakers in the evaluation data. In other
words, the age mismatch between the training data and the test
data will have a detrimental effect on diarization performance,
especially for the senior speakers. One solution is to reduce the
age information in the speaker embeddings, which motivates us
to apply adversarial learning to train the x-vector extractor.

4.2. Evaluation Data

Interactive dialog data collected from the teaching hospital of
the Chinese University of Hong Kong (CUHK) were used for
evaluation. They were collected for Montreal cognitive assess-



Table 2: Diarization performance achieved by different systems based on different training data. “with Multi-task Learning” means
using multi-task learning (removing the gradient reversal layer in Figure 1) to enrich age information in the speaker embeddings. “with
Adversarial Learning” means using adversarial learning (Eqs. 1–3) to make the speaker embeddings age-invariant. “Age Recognition”
means the DNN was used to perform age recognition, and the results were obtained by applying the age embeddings. Note that neither
multi-task learning nor adversarial learning is applicable to the second column because there is no age information in the training data.
DER: diarization error rate; MS: missed speech rate; FA: false alarm rate; SC: speaker confusion rate; att: self-attentive pooling. All
performance metrics are in %.

X-vector extractor
Training Data

SRE 2004–2008
+ SWB + Augmentation

SRE 2010
+ Augmentation

SRE 2008–2010
+ Augmentation

No. of speakers 4979 446 1781

No. of utterances 62151(clean)
184533(augmented)

15569(clean)
47569(augmented)

25209(clean)
73085(augmented)

Performance Metrics (%) DER MS FA SC DER MS FA SC DER MS FA SC

without Adversarial Learning w/o att 7.05 2.5 1.0 3.6 10.59 2.5 1.0 7.1 9.21 2.5 1.0 5.7
w/ att 6.39 2.5 1.0 2.9 10.24 2.5 1.0 6.7 7.85 2.5 1.0 4.4

with Multi-task Learning
(Speaker + Age)

w/o att N/A 19.26 2.4 1.0 15.8 17.03 2.5 1.0 13.5
w/ att N/A 19.09 2.4 1.0 15.6 16.92 2.5 1.0 13.4

with Adversarial Learning
(Age-invariant Embedding) w/ att N/A 5.91 2.5 1.0 2.4 4.92 2.5 1.0 1.4

Age Recognition
(Age Embedding) w/ att N/A 14.76 2.4 1.0 11.3 14.04 2.5 1.0 10.5

ments (MoCA), which were used for assessing the patients’
cognitive health. Two mobile devices (iPhone 6 and Samsung
Galaxy S6) were put in front of the subject on a desk as shown
in Figure 3. The recording environment is a quiet office. The
collection effort is still ongoing. Each recording consists of a
complete Cantonese MoCA test. All assessors and subjects are
Cantonese speakers. The age range of subjects is from 72 to
100. Totally, the dataset has 469 conversations, with an aver-
age duration of 26 minutes per conversation. This work uses 67
conversations in the dataset.

4.3. Data Augmentation and Network Training

To obtained a robust embedding, the training data were aug-
mented with reverberation, noise, music, and babble. The room
impulse responses (RIR) [19] and MUSAN datasets [20] were
used for creating room reverberation and additive noise, respec-
tively. The augmentation process roughly doubled the size of
the original clean data. Then, the augmented data were com-
bined with the clean data. Table 2 shows the amount of clean
and augmented data for training the x-vector extractors. The
augmentation was implemented using the Kaldi speech recog-
nition toolkit [21].

We followed the Kaldi’s Callhome recipe1 and used BUT’s
Tensorflow codes2 to train the x-vector extractors. For SRE
data, we used the Kaldi’s energy-based VAD to remove silence
regions, whereas, for the MoCA data, we used the ASpIRE
SAD.3

4.4. PLDA Scoring and Speaker Clustering

We used SRE data (without augmentation) for training PLDA
models. We performed the PLDA scoring on all pairs of seg-
ments for each recordings. The PLDA scores were then used as
input to an agglomerative hierarchical clustering (AHC) algo-

1https://github.com/kaldi-asr/kaldi/tree/
master/egs/callhome_diarization/v2

2https://github.com/hsn-zeinali/
x-vector-kaldi-tf

3https://kaldi-asr.org/models/m4

rithm for classifying speech segments by speaker identities. The
AHC is an unsupervised clustering and merging method, which
has been widely used in speaker diarization systems [22, 23].
Usually, a stopping threshold in the AHC is needed. However,
because the number of speakers per recording is known, such
stopping threshold is not needed in our case.

4.5. Performance Metrics

Diarization error rate (DER) [24], which is a common perfor-
mance metric for speaker diarization, was used as performance
measure. DER is the sum of missed speech (MS), false alarm
(FA) speech, and speaker confusion (SC). Specifically, missed
speech error is the percentage of scored time that a speech re-
gion is in the reference but not in the hypothesis; false alarm
speech error is the percentage of scored time that a speech re-
gion is in the hypothesis but not in the reference; speaker con-
fusion error is the percentage of scored time that a segment is
assigned to the wrong speaker. A DER of zero indicates per-
fect diarization and a high DER indicates poorer performance.
In our experiments, the measurements were performed using
a script named “md-eval.pl” developed by the NIST in the rich
transcription (RT) evaluations. To be consistent with other stud-
ies [7, 12], a non-scoring collar of 0.25s was used, which refers
to the no-score zone around the reference segment boundaries.

5. Results
Table 2 shows the DER of the proposed method by applying ad-
versarial learning and conventional embeddings (x-vectors). In
the second column, the x-vector extractor was trained using the
SRE 2004–2008 and SWB datasets. Results show that a lower
DER can be achieved by applying a self-attention mechanism
[9]. The training data in the second column are not applicable
to age group classification and adversarial learning because no
birth information is available in the training datasets.

The datasets (SRE 2008 and SRE 2010) containing the age
information of speakers were used to train the x-vector extrac-
tors in the third and fourth columns of Table 2. The results show
that by combining the data in SRE 2008 and SRE 2010, the

https://github.com/kaldi-asr/kaldi/tree/master/egs/callhome_diarization/v2
https://github.com/kaldi-asr/kaldi/tree/master/egs/callhome_diarization/v2
https://github.com/hsn-zeinali/x-vector-kaldi-tf
https://github.com/hsn-zeinali/x-vector-kaldi-tf
https://kaldi-asr.org/models/m4
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Figure 2: Age distribution in NIST SRE data.

DER can be reduced. Using multi-task learning, the DER be-
comes worse. This suggests that age information in speaker em-
beddings could be harmful to diarization performance if there is
a severe mismatch between the age distributions of training and
testing data. Besides, in the last row, the diarization is based
on the age information only. The performance of age embed-
dings is poorer than that of the speaker embeddings. The best
results in both third and fourth columns were obtained by using
the proposed age-invariant speaker embedding approach. The
improvement is significant when compared with the conven-
tional embedding systems. Moreover, for the third and fourth
columns, the lowest DERs (i.e., 5.91% and 4.92%) are lower
than that of the second column (i.e., 6.39%). This means that
the proposed age-invariant diarization works well even though

Figure 3: MoCA data collection.

the amount of training data has been significantly reduced when
only SRE 2008 and SRE 2010 were used.

To show the effect of adversarial learning on the x-vectors,
we projected the x-vectors onto two-dimensional t-SNE (t-
distributed stochastic neighbor embedding) [25] spaces. The
projected speaker embeddings and age-invariant speaker em-
beddings are shown in Figures 4(a) and (b), respectively. The
results show that with adversarial learning, the DNN can gener-
ate more discriminative speaker embeddings.
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Figure 4: Visualization of utterance-level speaker embeddings
by four speakers (1–4). Senior group: blue and green; Young
group: red and yellow.

6. Conclusions
This paper proposes using age-invariant speaker embeddings
for the diarization of speech-based MoCA. To make the speaker
embeddings invariant to the age mismatch between the speak-
ers in the training and the test data, we leveraged adversarial
learning to reduce the age variability. The experimental results
show that the detrimental effect of age mismatch is minimized
by using the age-invariant embeddings. With the self-attention
mechanism, the proposed approach achieves the best diarization
performance. Moreover, it outperforms the existing speaker em-
bedding method even with less training data.
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