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Abstract
This paper explores the combination of the emerging long
short-term memory (LSTM) and the well established linear
filtering techniques, parametric multi-channel Wiener filter-
ing (PMWF) as well as single-channel minimum variance
distortionless response (MVDR), for robust front-end signal
processing in a speech recognition system. LSTM is employed
for the estimation of speech and noise statistics, which are then
used to compute the filter coefficients. PMWF is utilized in
a novel way that the residual noise power remains constant
along the frequency axis, while single-channel MVDR exploits
inter-frame correlation coefficient vector, taking advantage
of LSTM network based mask prediction, for linear filter
estimation. With the baseline recognition system, our proposed
methods reach a final word error rates (WER) of 5.69% on the
6ch real evaluation set of CHiME-4 challenge.

Keywords: CHiME 2016 Challenge, Supervised Time-
frequency Masking, Parametric Multichannel Wiener Filtering,
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1. Introduction
The technique of neural network has greatly promoted speech
recognition in everyday environments. It also quickly expands
its scope to the signal processing area. Articles apply deep neu-
ral network (DNN) for spectral mask estimation [1] or predict-
ing the clean spectrum [2]. Both tasks report promising results.
However, most neural network based approaches only deal with
problems in the signal channel case.

While multi-channel algorithms are more capable of ex-
tracting the desired source and suppressing undesired com-
ponents at the same time, microphone arrays are becoming
commonplace in modern human-machine interaction systems.
The well established minimum variance distortionless response
(MVDR) and multi-channel Wiener filter (MWF), which have
solid theoretical foundations, arose new interests.

MVDR filter is also proposed for single-microphone noise
reduction [3]. This filter takes the speech correlations of consec-
utive time frames into account. Under the assumption that noise
spectrum is known previously, the MVDR filter could achieve
promising performance in terms of speech distortion which is a
key factor that affects speech recognition accuracy rate.

For the task of robust speech recognition of CHiME-4 [4],
one practical front-end signal processing solution is the combi-
nation of the above two techniques [5][6]. DNN deals well with
the noisy data and makes no extra assumptions as in conven-
tional methods. Meanwhile, the multi-channel algorithms and
single-channel MVDR provide optimized solutions.

Specifically, long short-term memory (LSTM) is employed
for the estimation of speech and noise masks as originally sug-
gested in [6][7]. With short-time Fourier transform performed

in 1024 points, the network input is of 513 nodes. We have the
following one bi-directional LSTM layer of 256 nodes and two
feed-forward layers of 513 nodes. The training targets are ideal
binary masks of both speech and noise, which are calculated
by weighting the local signal-to-noise ratio (SNR) and the local
threshold (LC)

M =

{
1, SNR > LC
0, else

(1)

The Adam optimization algorithm [8] is used for tuning the net-
work. Dropout and batch normalization techniques are also em-
ployed for improving the generalization performance.

In the testing phase, the predicted masksM′c (c = speech
and noise) are used to calculate the power spectral density
(PSD) matrixes that are needed by our proposed PMWF and
MVDR.

Φcc =
∑
M′c yyH (2)

where y is the observation vector and superscript H denotes
Hermitian transpose.

2. Parametric multi-channel Wiener filter
In the 2ch and 6ch tasks, the multi-channel processing problem
is formulated in the frequency domain. With an array of M
microphones, we have

Yp(jω) = Xp(jω) +Np(jω), p = 1, 2, ..., P (3)

In order to extract the desired source X(jω) from the noisy
observations, we apply an optimal filter h(jω)

X(jω) = hH(jω)y(jω) (4)

where y(jω) = [Y1(jω)...Yp(jω)...YP (jω)]T .
The solution of PMWF [9][10] is known as

h(jω) =
Φ−1

nn(jω)Φxx(jω)

µ+ λ(ω)
uref (5)

where Φnn,Φxx are respectively the noise and speech PSD
matrixes which can be derived by (2), uref is one zero vec-
tor except for the index of reference channel being one (The
first channel was used as reference in CHiME-4). λ(ω) =
tr{Φ−1

nn(jω)Φxx(jω)}, µ is the hyper-parameter that controls
the tradeoff between speech distortion and noise reduction.
With a higher value, we get more noise reduction at the expense
of more distortion.

In speech recognition applications, it is still unclear how the
speech distortion and noise reduction factors will influence the
final recognition performance. Here, we propose a novel param-
eter control strategy that proves quite effective. Particularly, the
residual noise power (RNP) in the filter output is constrained to



be constant along the frequency axis. From Eq.(5), the output
RNP is

hH(jω)Φnn(jω)h(jω) =
φxrefxrefλ(ω)

[µ+ λ(ω)]2
(6)

We denoted the desired RNP as rnn. Hence, we have

µ(ω) =
√
φxrefxref (ω)λ(ω)/rnn − λ(ω) (7)

It should be noted that the value of rnn only scales the output
rather than changes the spectral shape of speech. It is set to 1.0.
By regulating the RNP, a bin-wise controller µ(ω) is derived.
The reason why rnn is constant across frequencies is that the
spectrums of filtered signals would be preferred flat, avoiding
transient changes between adjacent bins.

3. Single-channel MVDR
In the 1ch task, the single-channel problem is formulated as fol-
lows in the frequency domain. The complex spectral noisy ob-
servation Y (k,m) is thus given by

Y (k,m) = X(k,m) +N(k,m) (8)

where k is the frequency bin number and m is the frame index.
The estimate of the clean speech spectral component X(k,m)
is obtained by applying an FIR filter

X̂(k,m) = hH(k,m)y(k,m) (9)

where L is the order of the filter (set 20), and

h(k,m) = [H(k,m, 0)...H(k,m,L− 1)]T (10)

y(k,m) = [Y (k,m)...Y (k,m− L+ 1)]T (11)

By introducing the speech inter-frame correlation (IFC) co-
efficient vector γx(k,m), which is defined by (The operator
E[·] denotes the expectation),

γx(k,m) =
E[x(k,m)X (k,m))]

E[‖X(k,m)‖2]
(12)

Therefore, from [3] the single-channel MVDR filter is

hmvdr(k,m) =
Φy
−1(k,m)γ∗x(k,m)

γT
x (k,m)Φy

−1(k,m)γ∗x(k,m)
(13)

Φy(k,m) = λyΦy(k,m)+(1−λy)y(k,m)yH(k,m) (14)

where λy is the forgetting factor(set 0.95). Also, to calculate
Φy
−1(k,m), the regularization is used,

Φy
−1(k,m) = {Φy(k,m) +

δ · tr[‖Φy(k,m)‖]
L

IL×L}−1

(15)
where δ > 0 is the regularization parameter (set 0.04).

Specifically, IFC γx(k,m) can be estimated as follows,

γx(k,m) =
ΦY (k,m)

ΦY (k,m)− ΦN (k,m)
γy(k,m)

− ΦN (k,m)

ΦY (k,m)− ΦN (k,m)
γn(k,m) (16)

ΦY (k,m) and ΦN (k,m) represent the second-order statistics
of observed signal Y (k,m) and noise N(k,m), respectively.
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Figure 1: Diagram for the 1ch recognition task.

We use the speech soft maskM′c to get the estimated noise
component N̂(k,m) as follows,

N̂(k,m) = (1−max(ε, 1−max(
√
M′c, ε)))Y (k,m) (17)

where ε is an extremely small number to avoid sudden changes
between frames.

Following the single-channel MVDR filtering, a stationary
noise reduction algorithm [11][12] is applied to the filtered sig-
nal as a post-filter shown in Fig.1.

4. Experimental evaluation
4.1. 2ch and 6ch results

For all the recognition tasks, we always apply matched training.
In the case of 2ch track, we randomly select two channels from
all six channels to compose the training set. The channels se-
lected for development and evaluation are kept unmodified. In
the back-end (2ch and 6ch tasks), only one modification is made
to the standard scripts. We make use of the fact that we have all
six channels data available. Besides the enhanced data, we also
use all six channel real and one channel simulated recordings in
the training stage.

In the front-end, LSTM is trained with all the six chan-
nel simulated data [7]. The mask estimation is actually single-
channel based, so we get separate outputs for each channel. For
2ch and 6ch tasks, the masks are then taken median between
specific channels for robustness to outliers.

The results of 2ch and 6ch tasks using sequence training
and RNN language model rescoring are given in Table 1, 2. The
WERs of real test data in the 2ch and 6ch tasks are 9.64% and
5.69%, respectively.

4.2. 1ch results

In the 1ch task, we use 6 channels’ data for matched training.
The results are given by Table 3. A relative 15.59% WER de-
crease on real test data using GMM acoustic model is achieved
compared to the official baseline, in which both training and
testing data are noisy signals. Single-channel MVDR and post-
filtering achieve the best performance since MVDR could fil-
ter the non-stationary noise without speech distortion, mean-
while, post-filtering is good at suppressing the stationary noise.
Single-channel MVDR and post-filtering benefit each other.



Table 1: Average WER (%) for the multi-channel tested sys-
tems.

Track System Dev Test
real simu real simu

Baseline 8.23 9.50 16.58 15.33

2ch
GMM 12.95 16.06 21.08 20.53

DNN+sMBR 8.34 9.54 12.16 13.27
DNN+RNNLM 5.58 7.18 9.64 8.77

Baseline 5.76 6.77 11.51 10.90

6ch
GMM 9.25 9.24 12.70 10.49

DNN+sMBR 5.43 5.19 8.25 6.51
DNN+RNNLM 3.65 3.71 5.69 4.38

Table 2: WER (%) per environment for the current multi-
channel best system.

Track Envir. Dev Test
real simu real simu

2ch

BUS 6.73 5.68 12.82 6.16
CAF 5.97 10.10 10.59 10.29
PED 4.34 6.03 8.56 9.15
STR 5.26 6.92 6.57 9.47

6ch

BUS 4.81 3.33 7.35 3.46
CAF 3.20 4.69 5.27 4.76
PED 2.99 3.07 5.66 4.28
STR 3.58 3.75 4.50 5.01

Besides GMM acoustic model, results of DNN acoustic
model are also given in Table 4. The best results of test set
are achieved using single-channel MVDR or single-channel
MVDR + postfiltering, however, the best results of development
set are achieved using unprocessed data. This phenomenon is
different from the consistent improvements using GMM acous-
tic model. It is still expected to achieve a better tradeoff between
noise reduction and distortion.

5. Conclusion
The main contributions of the submitted systems were two
proposed front-end processing methods, which were multi-
channel and single-channel noise reductions for specific recog-
nition tasks, respectively. With a fine-tuning parametric multi-
channel Wiener filter, WERs on 2ch and 6ch Real Test sets of
CHiME-4 were reduced to 9.64% and 5.69%. Meanwhile, su-
pervised time-frequency masking based single-channel MVDR
filter with a post-filter performed well in the 1ch task. The
results showed that WER of Real Test set decreased much on
GMM acoustic model but slightly on DNN model. Experimen-
tal results also showed that enlarging the training data could
bring benefits for CHiME-4 tasks.
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