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ABSTRACT

We extend our previous work on training mixed-bandwidth
(BW) speaker recognition system by predicting missing in-
formation in upperband (UB) of upsampled telephone speech.
Mixed-BW systems combine speech from narrowband (NB)
and wideband (WB) speech corpora by basic upsampling of
NB speech with low-pass filter interpolator, resulting in no
information loss in the original WB speech. In this work, we
explore the usage of a deep residual full-convolutional neu-
ral network (CNN) and a bidirectional long short term mem-
ory (BLSTM) network along with a previously proposed deep
neural network (DNN) for bandwidth extension (BWE) of
NB telephone speech. Speaker recognition systems trained
with bandwidth extended features improved in performance
over mixed-BW and NB baseline systems. In terms of detec-
tion cost function (DCF), the CNN-BWE system improved
by 10.78% and 15.96% (relative) in the Speakers In The Wild
(SITW) eval core and assist-multi-speaker condition respec-
tively w.r.t. the NB baseline; and improved by 3.21% and
4.13% w.r.t. to the mixed-BW baseline.

Index Terms— Bandwidth extension, speaker recogni-
tion, deep residual CNN, BLSTM, transfer learning

1. INTRODUCTION

We 1 consider the scenario of training speaker recognition
systems where we have access to labelled data from two
different domains–telephone and microphone speech. Tele-
phone speech is sampled at 8KHz whereas the microphone
speech is sampled at 16KHz. From now on, we will call
8KHz data as narrowband (NB) and 16KHz data as wide-
band (WB) and band between 4-8KHz as upperband (UB).
The conventional way of combining datasets with different
sampling rate is to downsample all of them to the lowest sam-
pling rate–16KHz to 8KHz in our case. This results in loss of
information in the upperband (UB) of the 16KHz data. The
downsampled microphone speech along with the telephone
speech is then used to train the speaker recognition system.
This method works fairly well when the evaluation data set

1Both first and second authors contributed equally in this work

is also telephone speech. However, it is not optimal when
the evaluation data is WB since the UB, which is lost, also
contains speaker discriminant information. Another option is
to train the system only on the available WB corpus avoiding
the need for downsampling. But this approach would lead to
poor results when the available WB data is scarce. This is a
very common scenario in speaker recognition research, driven
mainly by NIST speaker recognition evaluations, where NB
telephone speech is available in abundance but WB labelled
data is scarce.

In [1], we proposed to upsample the NB data using a sim-
ple low-pass filter interpolator and then combine it with the
WB corpus to train a mixed-BW x-vector [2] speaker recog-
nition system. Hence, no information loss is incurred. How-
ever, this basic upsampling does not predict any information
in the UB of the NB corpus. In this work, we investigate sev-
eral neural architectures to predict the missing information
in the UB of the upsampled data. We will refer to this pro-
cess as Bandwidth extension (BWE) throughout the paper. We
are mainly interested in using this BWE to improve speaker
recognition performance in microphone speech. In this paper,
we did not focus on actually recovering the waveform and
evaluating the quality of the upsampled signals, which would
involve to organize human perceptual tests.

There are few works dealing with this problem in the field
of automatic speech recognition (ASR). The authors in [3],
propose to jointly train a feed forward deep neural network
(DNN) for BWE and ASR system on both NB and WB data.
Authors in [4, 5] train a DNN on log-power spectrogram
(LPS) features for BWE and then train ASR on bandwidth
extended NB data. They also showed that predicting the en-
tire WB is better than just predicting the missing UB, which
leads to discontinuities between the NB and the UB spectrum.
The authors in [6] proposed a mixed-BW training where the
NB filter-bank were zero padded to match the dimension of
the WB filter-bank when training the ASR system.

In this work, we compare several neural architectures for
BWE in terms of speaker recognition performance. We ex-
perimented with a feed forward DNN, a deep residual full-
CNN and a BLSTM. The CNN architecture was inspired by
the work done in [7] for image style transfer and single image
super resolution.
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(a) Overview of CNN-BWE (b) Downsampler Network

(c) Residual Network (d) Upsampler Network

Fig. 1. Individual building blocks of CNN-BWE (k-kernel,
s-strides, c-filters, p-padding)

The rest of the paper is organized as follows. In Section 2,
we explain the architectures of DNN-BWE, CNN-BWE and
BLSTM-BWE systems. Section 3 gives details of datasets
used in this work and the training details of those systems. In
Section 4, we explain the baseline speaker recognition sys-
tems used in this work and the BWE-speaker recognition sys-
tems. We conclude with a summary of the work in Section 5.

2. BWE SYSTEMS - ARCHITECTURES

In this section, we describe the network architectures of the
BWE systems used in this work.

2.1. DNN-BWE Network

The feed forward DNN that we used for BWE was similar
to our previous work [1] and was originally proposed by [5].
The DNN-BWE had 3 hidden layers with 2048 neurons in
each hidden layer. 5 past and future frames were appended
to the current frame at the input. Rectified linear unit (ReLU)
nonlinearity was used in each layer except the output layer
where linear activation was used.

2.2. CNN-BWE Network

Our CNN-BWE network architecture was similar to the fully-
convolutional network used by [7] for image style transfer
and single image super resolution. The network consisted of
two major building blocks: a downsampler network and an
upsampler network, which essentially work as an encoder-
decoder network. An overview of CNN-BWE network is
shown in Fig. 1(a). The downsampler network consisted of
three 2D convolutional layers followed by several residual
blocks [8]. The purpose of the downsampler is to reduce the
dimension of the feature maps to a low-dimensional mani-
fold which preserves the properties of speech. It performs
in-network downsampling with strides greater than 1, which
is computationally efficient since it reduces the number of
convolutions by reducing the feature map dimensions. The
number of residual blocks was set to 21. For the details of
kernel sizes, strides, number of filters and padding dimension
in each layer of the downsampler network and the residual
network refer to Fig. 1(b) and Fig. 1(c) respectively.

The upsampler network consisted of two deconvolutional
layers followed by a convolution layer. The task of the up-
sampler is to decode the low-dimensional representation into
the log-power spectrogram (LPS) of WB speech. The decon-
volutional layers increase the feature dimension by a factor of
2 by applying strides of 1/2 while decreasing the number of
filters by a factor of 2. For the details of kernel sizes, strides,
number of filters and padding dimension in each layer of the
upsampler refer to Fig. 1(d).

The entire network consisted of only convolutional and
deconvolutional layers. No pooling or fully connected layers
were included. Hence the network is termed as “deep residual
fully-convolutional neural network”. The fact that it is fully
convolutional allows the network to process variable length
sequences without increasing the number of parameters.

2.3. BLSTM-BWE Network
We also experimented with a BLSTM with two 512 dimen-
sion hidden layers. The non linear activation used was ReLU.
The output of the BLSTM was fed to an affine layer, which
made the network output dimension to match the required
WB features dimension.

3. BWE SYSTEMS - TRAINING SETUP

3.1. Datasets

WB data used in this work comprises of microphone record-
ings from Mixer6, SRE08 microphone speech and Vox-
Celeb [9] data sets. In total, WB data consisted of 30974
utterances from 1871 speakers. All the BWE systems were
trained on parallel NB-WB data obtained by downsampling
the WB data to 8kHz. The WB microphone data was split into
90%-10% training and validation without speaker overlap.
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(a) LSD

(b) LSD-UB

Fig. 2. LSD and LSD-UB comparison of CNN-BWE and
DNN-BWE Systems

3.2. Training Details

BWE systems were implemented using PyTorch [10]. As in
[4], the BWE systems were trained to predict the entire WB.
The input was 129 dimension NB LPS while the output was
257 dimension WB LPS, similar to [4]. Mean squared error
(MSE) objective was used. All the networks were trained for
a maximum of 50 epochs, where an epoch is completed when
we have observed a sample from each utterance. Dropout [11]
was used as regularizer (except for CNN-BWE) with 0.4 drop
probability.

For the DNN-BWE, for each utterance in the mini-batch
we selected 64 frames. We used a context of 5 past and fu-
ture frames to predict each WB frame. For the CNN-BWE
systems, the input was arranged as four dimensional tensor
of size n × C × F × D, with mini-batch size n = 1, chan-
nel size C = 1, sequence length F and feature dimension
D = 129. We experimented training with different sequence
lengths F = 129, 257.

Figure 2 compares the convergence of DNN-BWE and
CNN-BWE system trained on sequences of length 129. The
performance was measured on the validation data in terms
of log-spectral distortion (LSD) and LSD of UB (LSD-UB)
at the end of every epoch. LSD measures the reconstruction
quality of individual frequencies in LPS domain,

LSD(X, X̂) =
1

L

L∑
l=1

√√√√ 1

K

K∑
k=1

(X(l, k)− X̂(l, k))2 (1)

where X and X̂ are the reference and predicted LPS features.

(a) Reference WB spectrogram

(b) Predicted WB spectrogram by CNN-BWE

Fig. 3. Comparison of reference and predicted spectrograms
by CNN-BWE system.

The CNN-BWE system achieved lower LSD and LSD-
UB compared to DNN-BWE. Since we used 21 residual
blocks in CNN-BWE network it had, in total, 46 convolu-
tional layers and two deconvolutional layers. In spite of the
network depth, the number of parameters of CNN-BWE are
less than that of the DNN-BWE. The CNN-BWE network has
6M parameters compared to 16M for DNN-BWE network.
Figure 3 shows comparison of spectrograms of original WB
utterance from validation set and corresponding predicted
WB utterances from a CNN-BWE system.

To compare the performance of CNN-BWE with a recur-
rent neural network model, we trained a BLSTM-BWE on
sequence of lengths of 505 frames. The comparison of BWE
systems on speaker recognition performance is given in next
section.

4. BWE-SPEAKER RECOGNITION SYSTEMS

We assessed the goodness of the BWE methods for speaker
recognition using x-vector speaker recognition systems. Per-
formance was measured on the SITW evaluation set on core-
core (single speaker) and assist-multi (multiple speakers in
enroll and test) conditions.

4.1. Baseline Systems

We experimented with three baseline x-vector systems: a
NB baseline system, a WB baseline system and a mixed-BW
baseline system. The NB baseline used 23 MFCC features
based on 23 filters Mel filter-bank. The rest of systems used
23 MFCC with 30 filters Mel filter-bank. Features were
short-time mean normalized with 3 second sliding window
and silence frames were removed. The x-vector system was
built using Kaldi [12]. Full rank probabilistic discriminant
analysis [13] was used for scoring. PLDA scores were nor-
malized using adaptive symmetric norm (S-Norm) [14].
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NB baseline systems represents the conventional way of
training speaker recognition systems. Training data com-
prised of NB telephone data including SRE04-10, Mixer6,
Switchboard Phases 1,2 and 3 (91224 utterances from 7001
speakers); and downsampled WB microphone data including
Mixer6, SRE08 microphone speech and VoxCeleb (30974
utterances from 1871 speakers). No data augmentation was
used.

WB baseline system was trained only on the available WB
microphone data. Thus, this system was trained on much less
speakers than NB baseline.

The NB baseline system has the disadvantage that the in-
formation in the UB of the WB training and evaluation data
is lost. No information loss occurs in the WB baseline sys-
tem but the training data is much smaller, since we have not
used NB data. To overcome these two disadvantages, in our
previous work [1], we proposed a mixed-BW system where
the NB telephone data were upsampled with a low-pass filter
interpolator and the WB microphone training and evaluation
data were used without any modification. The MFCC config-
uration used to train this system are similar to the WB base-
line system. The mixed-BW system was trained on the same
datasets as the NB system.

4.2. BWE-Speaker recognition Systems

The mixed-BW baseline upsamples the NB data but do not
estimate the spectrum in the upper-band, which is assumed
to be null. The systems in this section used the neural BWE
systems to predict the UB spectrum when upsampling. Apart
from that, these systems are similar to the mixed-BW base-
line. They use the same training datasets and features. The
total pipeline for training the BWE speaker recognition sys-
tems is as follows. LPS features are extracted from the NB
telephone speech and utterance level mean variance normal-
ization is applied. Then, the BWE networks converts NB LPS
features into WB LPS features. WB LPS are then converted
into MFCC. Finally, the MFCC of the WB data and the BWE
MFCC of the NB data are pooled to train the x-vector system.

The experiments with this systems will allow to know
whether the BWE networks are able to add speaker discrimi-
nant information to the predicted upper-band of the spectrum.

4.3. BWE-Speaker recognition Results

Table 1 summarizes the results of the baseline and BWE-
speaker recognition systems. The mixed-BW baseline system
performed the best among the baselines. All the BWE sys-
tems improved over the baseline systems in terms of both
EER and DCF. CNN-BWE system trained on sequences of
length 257 performed the best in terms of DCF over all.
However, the relative difference in terms of EER between
the CNN-BWE and BLSTM-BWE system was not very sig-
nificant (5.71 and 5.74 respectively). In terms of relative

Table 1. Speaker ID results on SITW (F - sequence length)
SITW Core SITW Assist-Multi

EER DCF(1E-2) DCF(1E-3) EER DCF(1E-2) DCF(1E-3)

Baseline
NB 6.01 0.5111 0.7105 8.88 0.5569 0.7351
WB 8.02 0.5538 0.7505 8.54 0.5049 0.6880
mixed-BW 5.93 0.4711 0.6713 7.62 0.4890 0.6667

BWE-speaker ID results
DNN-BWE 5.55 0.4705 0.6516 7.10 0.4812 0.6481
CNN-BWE (F-129) 5.74 0.4737 0.6630 7.08 0.4737 0.6671
CNN-BWE (F-257) 5.71 0.4560 0.6480 7.29 0.4680 0.6475
BLSTM-BWE (F-505) 5.74 0.4621 0.6523 7.35 0.4717 0.6510

improvement of DCF at prior 0.01, the CNN-BWE improved
by 10.78% and 15.96% for core and assist-multi-speaker
SITW conditions respectively over the NB baseline. Com-
pared to the mixed-BW system, the relative improvements
were 3.21% and 4.13% for core and assist-multi-speaker con-
ditions, which justifies our attempt to predict information in
the UB for telephone speech for speaker recognition.

5. SUMMARY AND FUTURE WORK

This work investigated the impact of predicting the missing
information in the UB of telephone speech on speaker recog-
nition performance. We experimented with a DNN, a deep
residual fully-convolutional network (CNN) and a BLSTM
network for BWE. Individual x-vector based speaker recog-
nition systems were trained on bandwidth extended features
obtained from each of these three systems. The performance
of BWE speaker recognition systems was compared to three
baseline systems–NB, WB and mixed-BW. All the BWE
speaker recognition systems improved in performance com-
pared to all three baselines. The best performer in terms of
DCF was the CNN-BWE system trained on sequence lengths
of 257. In terms of DCF, the CNN-BWE system showed rel-
ative improvement of 10.78% and 15.96% in the SITW eval
core and assist-multi-speaker condition respectively w.r.t. the
NB baseline; and improved by 3.21% and 4.13% w.r.t. to the
mixed-BW baseline, which upsamples NB speech just using
a low-pass filter interpolator. In terms of number of parame-
ters, the CNN-BWE model with 21 resnets is the most light
weight with ∼ 6M parameters compared to DNN-BWE with
∼ 16M parameters and BLSTM-BWE with ∼ 18M param-
eters. As future work, we will explore joint model training of
BWE system and speaker recognition system with alternate
feature representations like filter banks and raw waveform.
We will also look into unsupervised BWE using adversarial
learning.
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