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Abstract
This paper presents an improved subband neural network ap-
plied to joint speech denoising and dereverberation for online
single-channel scenarios. Preserving the advantages of sub-
band model (SubNet) that processes each frequency band in-
dependently and requires small amount of resources for good
generalization, the proposed framework named STSubNet ex-
ploits sufficient spectro-temporal receptive fields (STRFs) from
speech spectrum via a two-dimensional convolution network
cooperating with a bi-directional long short-term memory net-
work across frequency bands, to further improve the neural net-
work discrimination between desired speech component and
undesired interference including noise and reverberation. The
importance of this STRF extractor is analyzed by evaluating the
contribution of individual module to the STSubNet performance
for simultaneously denoising and dereverberation. Experimen-
tal results show that STSubNet outperforms other subband vari-
ants and achieves competitive performance compared to state-
of-the-art models on two publicly benchmark test sets.
Index Terms: Subband network, spectro-temporal receptive
field, speech denoising, dereverberation, real-time process

1. Introduction
Monaural speech enhancement aims at restoring the desired
speech signal from its distorted version to improve percep-
tual speech quality and intelligibility, which is desirable for
hands-free speech communications and hearing assistant sys-
tems when only a single distant microphone is available. Al-
though significant progress has been achieved in the last four
decades [1], especially in recent years with deep learning based
approaches (see [2]), this active research field still remains
challenging for real-world applications due to additive noise,
room reverberation, computational efficiency, algorithmic la-
tency, and model size restriction deployed on devices.

Research has been conducted recently to develop advanced
technique to address either one or several of the above issues.
For instance, two international challenges - the REVERB chal-
lenge [3] and the DNS challenge [4] - have respectively fos-
tered state-of-the-art approaches of speech dereverberation and
denoising. Despite the fact that there exists no optimal solu-
tion for single-channel dereverberation (as a process of inverse
filtering of the room impulse response RIR) [5], spectral do-
main methods focusing on late reverberation suppression [6, 7],
and deep learning based approaches nonlinearly mapping the
reverberant to the clean spectrum [8, 9, 10] have been proposed
to mitigate the reverberation effect. Speech denoising is cur-
rently often accomplished via supervised deep learning in the
time-frequency (TF) domain to map noisy speech spectral fea-
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ture onto clean speech target (see [11]), and the novelty ranges
from complete time-domain method [12], over various learning
targets [13], to different neural network architectures in terms
of loss function [14, 15], convolutional or recurrent or genera-
tive adversarial network [16, 17, 18], multi-stage learning [19]
or subband network [20]. Due to different properties of noise
(addition) and reverberation (convolution), some deep learning
based work [19, 21] showed that it is not easy to achieve simul-
taneous speech denoising and dereverberation in a single stage
paradigm. Instead, the authors proposed a two stage network for
joint training[22], or two pairs of learning targets are required to
stabilize training[23]. Additionally, for real-time applications,
online processing with tolerable computational complexity and
latency (see [4]) is necessary, which meanwhile demands that
the deep learning based approaches pair the inference model as
lightweight as possible.

Subband long short-term memory (LSTM) network (Sub-
Net) was proposed for online single-channel speech denoising
in our previous work [20], in which SubNet requires a small
amount of training resources and can be designed with few pa-
rameters without loss of generalization since it focuses on the
subband information and shares the same network parameter
across frequency bands. The underlying principle is to learn
the frequency-wise signal characteristics from the local spectral
pattern that has been proved to be informative for discriminating
between speech and other signals [24]. To improve SubNet to
be capable of modeling the global spectral pattern which bene-
fits the cases when the subband has an extremely low signal-to-
noise ratio (SNR), FullSubNet [25] has been proposed to fuse
fullband and subband network, but at the cost of the increased
network size and computational complexity.

Essentially, in an attempt to further improve SubNet, more
discriminative input in each individual subband (frequency
channel) is required for discriminating between desired speech
and undesired interference. Motivated by the auditory find-
ings that neurons in the primary auditory cortex of different
mammal species are sensitive to specific spectro-temporal re-
ceptive fields (STRFs, e.g. the neurons exhibit high firing rates
only when a specific modulation frequency is represented in
the stimulus) [26], we propose an improved SubNet in this pa-
per, namely spectro-temporal SubNet (STSubNet), which con-
sists of a STRF extractor prior to SubNet. More specifically,
both spectral and temporal context from speech spectrum are
extracted via a two-dimensional (2D) convolution network for
each individual subband, as the input to SubNet. Such 2D
convolution layer is jointly trained with SubNet to obtain op-
timized parameters to extract the corresponding STRF informa-
tion. However, different subband frequency channel might need
individual 2D convolution parameters due to different sensitiv-
ities across frequency bands. In order to extend STRFs across
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Figure 1: Diagram of the proposed STSubNet. The 2D observation window of speech spectrum is plotted with size T × S.

spectral domain as well as to avoid using too many 2D convo-
lution layers (one for each subband), we utilize a bi-directional
LSTM along the frequency bands inspired by the proposal of
convolutional and recurrent layer combination in [27].

Furthermore, STSubNet is designed to perform both speech
denoising and dereverberation simultaneously within one stage
training and one pair of learning target. We expect that sub-
band network is particularly beneficial to dereverberation be-
cause the reverberation effect (represented by the RIR) is phys-
ically frequency-dependent due to the absorption coefficients
vary with frequency, and subband network generalization seen
by same amount of RIRs during training will be better than
other fullband models that consider RIRs as fullband data. Also,
like SubNet, the proposed STSubNet still meets the real-time
requirement, and a lightweight version is possible by shrinking
the network parameters while keeping the competitive perfor-
mance.

2. Method
Let s(t), h(t), n(t) denote anechoic speech, the RIR and ad-
ditive noise, respectively. The received speech y(t) with noise
and reverberation can be represented as

y(t) = x(t) + n(t) = s(t) ∗ h(t) + n(t), (1)

where x(t) is the reverberant speech with time index t and ∗
is the convolution operator. After the short-time Fourier trans-
form (STFT) with frequency band f ,

Y (t, f) = X(t, f) +N(t, f). (2)

The objective of speech denoising and dereverberation is to re-
store the anechoic speech from y(t), and it is common to apply
mask in STFT domain to achieve as (ŝ(t) after inverse STFT)

Ŝ(t, f) = Y (t, f) ·M(t, f). (3)

It has been shown in [13] that a precise estimation of phase
can provide more hearing perception quality improvement.
Hence, we choose the real part Mr(t, f) and the imaginary part
Mi(t, f) of uncompressed complex Ideal Ratio Mask (cIRM)
M(t, f) = Mr(t, f) + jMi(r, f) as the learning target of the
proposed STSubNet.

2.1. STSubNet

Figure 1 shows the diagram of the proposed STSubNet. First,
spectral and temporal context from speech spectrum at time slot
t and frequency band f (f ∈ F and F denotes half of the fast
Fourier transform (FFT) length plus one) are extracted via a 2D
observation window with temporal frames T (look past) and
spectral spans S (look up and down symmetrically, duplicated
the last context if spans are insufficient). These 2D features are

fed to a 2D convolutional network with output dimension of D1,
followed by a batch normalization. Then a bi-directional LSTM
module is appended in order to extend STRFs for each indi-
vidual frequency band f , which consists of two bi-directional
LSTM layers with hidden size D2, one linear fully connected
layer and rectified linear unit (ReLU) as the output layer’s ac-
tivation function with unit size D3. Note that bi-directional
LSTM used in STRF extractor is still suitable for online ap-
plication due to its forward/backward direction only along the
frequency axis. For the SubNet part, we use two stacked uni-
directional LSTM layers (fitting to real-time process) with hid-
den size D4 and one linear fully connected layer to yield two
values Mr(t, f) and Mi(t, f).

It is worth noting that the number of STSubNet parame-
ters mainly depends on the settings of (D1, D2, D3, D4), and
a lightweight version (see Section 3.1) is possible thanks to the
SubNet advantage that training procedure converges normally
in a few epochs, and overfitting rarely happens [20].

2.2. Loss Function

Instead of calculating the loss function directly in TF domain
when cIRM is obtained, we use the signal-to-distortion ra-
tio (SDR) loss as the criterion for maximizing to train the model
with Adam optimizer, computed as

L = 10 ∗ log10
∥s(t)∥2

∥s(t)− ŝ(t)∥2 . (4)

Our ablation experimental results showed that this time-domain
loss performs more effective compared to scale-invariant
SDR (SI-SDR) loss [14] or mean square error (MSE) criterion
of complex spectrum as applied in [20].

2.3. Online Inference

To facilitate the network training, the input sequence has to be
normalized to obtain an equalized input level, which is usually
accomplished via dividing the mean value µ of the magnitude
spectral features in a batch manner as |Y (t, f)|/µ [25]. How-
ever, such normalization does not fit to online inference because
the signal is received and processed frame by frame. In order to
keep the normalization strategy consistent during training and
inference, we adopt the cumulative normalization method [28]
across the fullband magnitude, that is, at each time, the mean
value used for normalization is computed using the available
frames within a sliding window. This can be also implemented
as a recursively computed mean value µ(t) [20] as

µ(t) = αµ(t− 1) + (1− α)

(∑F
f=1 |Y (t, f)|

F

)
, (5)

where α = L−1
L+1

is the smoothing factor and L represents the
sliding window length.
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3. Experimental Setup
3.1. Training Dataset
To generate the training data according to (1), we used the
speech and noise data from the DNS challenge [4], including
clean speech data 500 hours of clips from 2150 speakers, and
the noise dataset over 180 hours of clips from 150 classes.
Without the use of real-recorded RIRs provided by open re-
sources, we only used 12828 synthetic RIRs generated using
image method [29] with the reverberation time ranging from
0.2 to 2.0 s in the room space from 90 to 450 m3. Noise signals
were added with the segmental SNR levels sampled from a uni-
form distribution between -5 and 20 dB. The mixed signal was
then set to target root mean square (RMS) level sampled from a
uniform distribution between -15 and -35 dBFS.

All the utterances were sampled at 16 kHz. The 20 ms
Hanning window was utilized in STFT, with 50% overlap be-
tween adjacent frames. FFT length was set to 512 to obtain
the complex spectrum, resulting in F = 257 (see Section 2.1).
The input-target sequence pairs are usually generated with a
constant-length sequence. We set this length to 4 s, which was
also applied to L = 400 for online inference in (5). We adopted
the real-time requirement rule from the DNS challenge [4] - the
total algorithmic latency including frame size, stride time and
look ahead should not exceed 40 ms - which allows for one
frame (10 ms) look ahead in our experiments. The initialized
learning rate was set to 1e-3, and we halved such rate when val-
idation loss did not increase until the final learning rate 6.25e-5.
The batch size was set to 32 at the utterance level.

The STSubNet parameter settings (see Section 2.1) were
D1, D2, D3, D4 = 16, 64, 32, 128, resulting in the number of
network parameters 0.36 million. Additionally, we summarized
other parameter settings with larger network size in Table 1, and
these models still met the requirement for online applications
which was measured using real-time factor (RTF). It is calcu-
lated as the computation time of processing one frame divided
by the duration of one STFT frame (10 ms here) and needs to
be smaller than one. We tested on Intel Xeon CPU E5-2682
v4 (2.50 GHz) with PyTorch implementation of the proposed
STSubNet.
Table 1: STSubNet with different network parameter settings.

Model D1, D2, D3, D4 #Para(M) RTF
STSubNet 16, 64, 32, 128 0.36 0.537
STSubNet2 32, 128, 64, 256 1.44 0.576
STSubNet3 64, 256, 128, 512 5.66 0.705

3.2. Simulated Test Dataset
For speech denoising, two untrained noises were employed to
demonstrate the model generalization capability, namely bab-
ble, and factory1 from NOISEX92 [30], with three segmental
SNRs of [−6, 0, 6] dB, denoted as test set ’bnm6, bn0, bn6,
fnm6, fn0, fn6’. For speech dereverberation, the RIRs from
REVERB challenge [3] simulated test set were employed, rep-
resenting six different acoustic conditions, meaning three dif-
ferent room sizes (small1, median2, large3) with two differ-
ent speaker-to-microphone distances (near with 0.5 m, far with
2 m), denoted as test set ’r1n, r1f, r2n, r2f, r3n, r3f’. The ane-
choic speech came from the non-blind DNS development set [4]
which contains 150 utterances.

3.3. Public Test Dataset
We further tested the proposed model effectiveness by compar-
ing with other state-of-the-art methods under the same publicly

available test datasets. For speech denoising, the DNS challenge
non-blind test set [4] was used for speech denoising, which has
150 noisy clips with SNR levels distributed randomly between
0 and 20 dB. The real recordings from the evaluation test set
of the REVERB challenge [3] were used for speech derever-
beration task, which contains ’near’ (187 utterances) and ’far’
(186 utterances) speaker-to-microphone distances with ambient
room noises from the MC-WSJ-AV corpus [31].

4. Results
Wide-band perceptual evaluation of speech quality
score (PESQ) [32], short-time objective intelligibility
score (STOI) [33] and SI-SDR [34] were used as evaluation
metrics for speech denoising, while for speech dereverberation,
SI-SDR was replaced by normalized speech-to-reverberation
modulation energy ratio (SRMR) [35].

4.1. Effect of STRF Extractor
In order to analyze the effect of the proposed STRF extractor,
composed of 2D convolution layer with (T ,S) input, and the
biLSTM module along frequency axis (see Figure 1), system-
atic experiments were conducted on the simulated test dataset.

As illustrated in Figure 2, in general, STSubNet trained in
a single stage is capable of providing consistent improvement
in both denoising and dereverberation tasks in terms of all the
evaluation metrics. For instance, performance increased by 0.1
and 0.12 absolutely on average in terms of STOI for the more
challenging scenarios with SNR of -6 dB and far position, re-
spectively. It is also interesting to observe that the gain achieved
by STSubNet for dereverberation on near test sets is not as large
as the case of far, particularly in terms of SRMR. Actually,
near test sets usually have higher early-to-late reverberation ra-
tio than far test sets and early reflections are always beneficial to
speech perception (see [7]). This could give us a hint that it still
remains a big challenge for model-based approaches to achieve
a complete dereverberation, and future research can be focused
on modeling early reflections which own more correlation to the
anechoic signal itself than late reverberation.

With an increased temporal context T (e.g., 15 means 13
frames look past, one current frame and one frame look ahead),
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Figure 2: STSubNet Performance on 12 simulated test sets in
terms of different T with fixed S = 1. Thin lines (with the same
line type to thick lines) denote the corresponding metrics with
unprocessed noisy or reverberant signals.
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Figure 3: STSubNet Performance on 12 simulated test sets in
terms of different S with fixed T = 15.

performance for denoising task slightly degrades, while perfor-
mance for dereverberation improves, particularly for far posi-
tions (’r1f, r2f, r3f’ represented by red lines) with severe re-
verberation effect. This indicates that a long temporal context
seems to be more important for STSubNet to better eliminate
reverberation effect, probably due to the strong correlation of
reverberant signals across frames. A good compromised T to
balance these two different tasks (denoising and dereverbera-
tion) can be set around 15, i.e., 150 ms.

On the other hand, as seen in Figure 3, the effect of spec-
tral context S seems to affect more the performance of test sets
’r1f, r2f, r3n, r3f’ with severe reverberation effect, showing that
there still exists room for improvement of dereverberation via a
large spectral receptive field, even if biLSTM is applied to ex-
tend the spectral patterns. However, a larger S does not guaran-
tee better performance, indicating that large S cooperating with
biLSTM would cause redundant spectral information extrac-
tion to hinder the model generalization improvement. S = 31
(spanning around 1000 Hz) seems to be a good choice.

Furthermore, the contribution of individual T , S and biL-
STM is summarized in Table 2 via a leave-one-out procedure to
compare to the baseline (T = 15, S = 31, biLSTM), i.e., tem-
poral context degraded to T = 2, spectral context degraded to
S = 1, or without biLSTM. The change (denoted as △) of the
averaged metric on simulated test sets reflects the significance
of each individual module, i.e. more negative value in Table 2
represents more significance of the corresponding module. Re-
sults show that biLSTM plays an essential role in STSubNet
improvement for both denoising and dereverberation, and tem-
poral context is more important for dereverberation.

Table 2: Contribution of individual T , S and biLSTM to STSub-
Net performance on simulated test sets for two tasks (denoising
and dereverberation, separated by /).

Denoising / △PESQ △STOI △SI-SDR
Dereverberation △SRMR
T = 2 (not 15), +0.03 / +0.0036 / +0.12 /
S = 31, biLSTM -0.04 -0.0091 -0.05
S = 1 (not 31), +0.01 / +0.0017 / -0.04 /
T = 15, biLSTM -0.02 -0.0046 -0.01
T = 15, S = 31, -0.21 / -0.0352 / -1.26 /
(without biLSTM) -0.11 -0.0235 -0.02

4.2. Performance Comparison with State-of-the-Art
As listed in Table 3 for real-time speech denoising, STSubNet
consistently surpasses other types of SubNet in terms of all eval-
uation metrics, showing that the proposed STRF extractor can
efficiently provide SubNet more discriminative input for each
frequency band with fewer network parameters. In comparison
to the competitive lightweight TRUNet [23], STSubNet obtains
better performance in terms of STOI and SI-SDR with only
slightly worse PESQ. Further, performance of STSubNet con-
sistently improves as network parameters (see Table 1) increase.
In comparison to state-of-the-art GaGNet [36], STSubNet3
achieves comparable STOI, and even better SI-SDR.

Table 3: Comparison with other state-of-the-art systems on the
DNS challenge non-blind test set.

Method #Para(M) PESQ STOI SI-SDR(dB)
Noisy - 1.58 0.9152 9.07
NSNet [15] 5.1 2.15 0.9447 15.61
DTLN [17] 0.99 - 0.9476 16.34
TRUNet [23] 0.38 2.86 0.9632 17.55
CTSNet [19] 4.99 2.94 0.9666 17.99
GaGNet [36] 5.94 3.17 0.9713 18.91
SubNet [20] 1.3 2.37 0.9424 16.15
Fullband [25] 6.0 2.73 0.9571 16.19
FullSubnet [25] 5.6 2.78 0.9611 17.29
STSubNet 0.36 2.84 0.9645 18.59
STSubNet2 1.44 2.91 0.9680 19.12
STSubNet3 5.66 3.00 0.9703 19.64

With the same STSubNet model, performance of speech
dereverberation is compared to other state-of-the-art derever-
beration approaches. As summarized in Table 4, STSubNet fur-
ther increases SRMR by nearly 1.0 on average when compared
to the best model-based method [10] which was specifically de-
signed for dereverberation using the same test set (Section 3.3).
Competitive performance is even achieved by STSubNet3 when
compared to the standard weighted prediction error (WPE)
dereverberation algorithm [6] but with two channels recording.
Note that a subjective evaluation was not carried out yet (for fu-
ture work). The interested reader can check a few examples in
https://github.com/ffxiong/stsubnet.

Table 4: Comparison with other state-of-the-art systems on the
REVERB challenge real recorded evaluation test set (no refer-
ence signals) in terms of SRMR.

Method near far
Reverberant 3.17 3.19
NTU-ADSC [8] 4.29 4.42
U-Net [10] 5.47 5.68
WPE(2ch) [6] 6.55 6.71
STSubNet 6.36 6.37
STSubNet2 6.48 6.49
STSubNet3 6.54 6.53

5. Conclusions
This paper proposed STSubNet, a novel subband network in-
corporating an efficient spectro-temporal receptive field extrac-
tor to achieve simultaneous denoising and dereverberation in
a single stage for real-time applications. Experimental re-
sults showed that STSubNet outperforms other subband net-
work variants and achieves both comparable performance with
individual state-of-the-art denoising and dereverberation ap-
proaches on two public test datasets. Further, STSubNet can
be designed in a lightweight manner using fewer network pa-
rameters, and meanwhile maintains competitive performance.
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