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ABSTRACT

Background. Automatic Speech Recognition (ASR) systems in single-channel
experimental setups perform poorly in real-world scenarios when several talkers are placed
near a microphone. While for multi-channel setups, speech (or source) separation can be
solved by algorithmic approaches such as beamforming or machine learning approaches
using deep non-linear filtering models, there is no such monaural algorithm that can
efficiently separate speech.

Materials and Methods. We focus on a successive model designed for multi-channel
speech extraction with a steering mechanism called deep non-linear filtering and modify it
for single-channel speech separation. This LSTM-based (LSTM - Long short-term memory)
model without a steering mechanism demonstrates high-quality speech extraction from a
fixed angle, which makes the model promising for single-channel separation. We modified
such a model by appending a parallel output head that generates a second gain mask in
addition to the existing one. We train the model on the Libri2Mix dataset in noisy conditions
to separate speeches and extract them without background noise. Additionally, we
investigate the influence of bidirectional LSTM layers versus the unidirectional version. As
the DNLF (Deep non-linear filtering) model is built with bidirectional LSTM layers, it cannot
be used for real-time separation processing.

Results and Discussion. Our trained DNLF-SS-UNI (Deep non-linear filtering speech
separation unidirectional) model with unidirectional LSTM layers demonstrates 3.41 dB of
SI-SDR (Scale-invariant signal-to-distortion ratio) and 5.34 dB of SI-SDRi (Scale-invariant
signal-to-distortion ratio improvement) on test subset of Libri2Mix dataset with background
noise, while its bidirectional version called DNLF-SS-BI (Deep non-linear filtering speech
separation bidirectional) achieves 5.82 dB and 7.76 dB for SI-SDR and SI-SDR,
respectively. However, the bidirectional version of the model requires approximately 2.3
times more parameters than its unidirectional counterpart.

Conclusion. The use of bidirectional LSTM layers in speech separation models of
architectures such as deep non-linear filtering is crucial, as a model with unidirectional LSTM
layers instead shows a performance drop of approximately 2.4 dB for SI-SDR and SI-SDRi
metrics.
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BACKGROUND

The main aim of this research is to investigate the deep non-linear filtering model [1]
for a single-channel speech separation task. Originally, this model was built for speech
extraction and beamforming tasks in a multi-channel microphone setup. The model
demonstrated significant results for speech extraction from a specified relative angle by
additional input processed by a steering mechanism in a condition with 4 speakers talking
simultaneously. It is designed to process an input of stacked matrices of calculated
spectrograms from microphones and generate complex gain masks applied to a reference
channel. The training framework processes the input complex stacked spectrograms of
multi-talker audio scenarios to extract only a single specified person. In one version of the
model, the desired speaker to extract is placed at a specified relative or fixed angle to the
microphone setup. The trained model demonstrates high-quality separation/isolation of the
target speaker, making it highly useful for real-world scenarios.

We gained insight from this relatively small model and decided to experiment with its
architecture for a speech separation task focusing on the single-channel setup. While it is
possible to add output head to the existing DNLF model and train it for speech separation,
a multi-channel setup usually does not require machine learning approaches; since talkers
are mostly placed at different angles to the microphone array, they can be efficiently
separated by beamforming algorithms or even by the existing DNLF model applied
iteratively. It is possible to run the DNLF model several times (many times as needed to
extract all speakers) by specifying each time required angle of each speaker time, thereby
allowing the existing model to work for a speech separation task. Therefore, we decided to
focus on updating the model structure for a single-channel setup, modifying it to process
only one complex spectrogram (real and imaginary parts) while generating two complex
gain masks for each speaker.

Designing efficient neural network models for speech separation in a single-channel
setup requires capturing and processing both long- and short-term audio dependencies.
While classical convolutional neural networks (CNNs) demonstrate high performance in
various pattern recognition tasks like image processing, their fundamental characteristic of
focusing on local features makes them less effective for tasks such as speech separation.

As an efficient speech separation convolution-based model, Conv-TasNet [2]
demonstrates a high-quality separation level. Instead of classical convolutional neural
network layers, this model relies on temporal convolutional network (TCN) layers [3], which
are designed to process input data with an increasing dilation factor. This allows the
convolutional model to process both long- and short-term audio dependencies. While our
investigation focuses on complex data representation and relies on the Short-Time Fourier
Transform (STFT) for the feature preparation phase—and the inverse STFT (iSTFT) to
convert the signal from the frequency domain back into the time domain—Conv-TasNet
implements a fully trainable time-domain model using trainable encoder-decoder layers.
These encoder-decoder layers use single Convolutional and Transposed Convolutional
layers to convert the time-domain signal into a pseudo-spectrogram format and vice versa.
These pseudo-spectrograms can be described as magnitude spectrograms of the input
signal, as they consist of only a single matrix with a fixed number of frequency bins. The
primary advantage of the Conv-TasNet model is that it is a fully convolutional model
designed for time-domain processing which, when using causal convolutions, can be
deployed for real-time speech separation.

Another fully-convolutional model that demonstrates even higher efficiency than Conv-
TasNet is a model called SuDoRM-RF [4]. This model is designed in a similar way, using
trainable encoder-decoder layers, but relies on U-Net-style convolutional blocks. These U-
Net blocks utilize downsampling and upsampling operations with skip connections, which
help the model capture both long- and short-term dependencies. This architecture results
in a smaller model size with fewer floating-point operations while still yielding highly
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competitive separation results in both clean and noisy conditions. Specifically, the
SuDoRM-RF model uses only 2.6M parameters—which is roughly half that of Conv-TasNet
(5.1M parameters)—and requires only 7.6 GFLOPs compared to Conv-TasNet's 10
GFLOPs. Despite this smaller footprint, it still demonstrates a high separation level,
achieving 9.24 dB SI-SDRi compared to the 9.52 dB SI-SDRi of Conv-TasNet [5] for a clean
speech mixture without background noise. Ultimately, our investigation focuses on real-
world scenarios for speech separation in these types of noisy conditions.

The Deep Non-Linear Filtering model relies on recurrent neural network layers—
specifically Long Short-Term Memory (LSTM) layers, which were originally designed to
capture both long- and short-term dependencies. Another core difference is its use of an
STFT signal representation instead of a trainable encoder layer. While a trainable encoder-
decoder layer can potentially be trained to denoise a signal from non-speech components,
the STFT provides a complex representation that supplies the model with both magnitude
and phase components. This representation helps the model more clearly and precisely
process the input information to reconstruct cleanly separated audio signals. Another
important architectural feature is the processing of input matrices in both the wideband and
narrowband dimensions [6]. This technique helps the model capture feature dependencies
across both frequencies and time frames. Combined, these features allow the model to
distinguish one speaker from another by focusing not just on isolated characteristics like
pitch or talking speed, but on a combination of both.

MATERIALS AND METHODS

A real-world scenario for a speech separation task can be described by next
equations:

N

Y(t) = Z x;(t) + n(t), (1)

i

where Y (t) is a time-domain representation of the mixture of N talkers defined as x;(t)
where i is the index of a speaker and n(t) is an additional background noise. In our
particular case, we consider only a two-speaker scenario where N equals 2. The main task
for our model is to process the input mixture and reconstruct x;(t) for each speaker. Our
investigated model is designed to process input complex spectrograms as a tensor Y of
shape [T, F, 2C], where T is a number of time frames, F number of frequency bins of STFT,
and thirds dimension is equals to C by 2, where C is number of channels/microphones and
2 for both real and imaginary parts of spectrogram. In our particular case, C is equal to 1,
so the input matrixes shape is [T, F, 2]. However, as original model was built for a single
complex gain mask estimation of shape [T, F, 2], our output shape is [T, F, 2*N], so for our
case we have an output shape of [T, F, 4], where first estimated gain mask Y_E+ contains
real and imaginary parts at third-dimension’s index 0 and 1, and second estimated gain
mask Y_E2 contains real and imaginary parts at index 2 and 3, respectively.

Y.e = Re[STFT(y)], 2)

Yo = Im[STFT(y)], (©)

The model architecture of the deep non-linear filtering model consists of 2 stacked
LSTM layers, followed by a fully-connected layer with a tanh activation function. The overall
model architecture is illustrated in Figure 1. The first LSTM layer, referred to as the
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frequency-based LSTM (F-LSTM), processes the input complex spectrogram of a shape
[T, F, 2] across the first dimension, so it obtains dependencies across frequencies (inter-
frequency dependencies). To capture information across time frames, the resulting output
is then permuted into a [F, T, N_F1] format, where N_F1 is the number of hidden features
from the first LSTM layer. Due to this permutation, the second LSTM layer features
dependencies (temporal dependencies) across time frames rather than frequencies.
Through this dual-path approach, the model processes features along both the frequency
and time dimensions. The output is then permuted back to a shape of [T, F, N_F2], where
N_F2 is the number of features from the second LSTM layer. Next, the resulting matrices
must be mapped back into real and imaginary components for our two target masks. To
achieve this, we employ a fully-connected layer that processes each [T, F] slice from the
[T, F, N_F2] tensor independently, mapping the N_F2 values to 4 output channels to form
a vector of values: [mask1rea, masklimag, Mask2rea, Mask2imag]. The obtained tensor of
shape [T, F, 4] is then processed by a tanh activation function. Finally, the resulting complex
masks are separated and applied to the input [T, F, 2] spectrogram independently to yield
the individual spectrograms for each speaker, which are subsequently converted back into
the time domain via the inverse STFT (iSTFT).

[T,F.2] l [T,F.2]

[T,F,2] | [T,F,N_F1] [F,T,N_F1] [T,F,N_F2] [T,F.4] [TF,4]p* Maski '@" STFT1 |*
Re&Im
- - = =
»| STFT H F-LSTM ¥ Permute [#) T-LSTM [ FF [#|Tanh | |1 [TF2]
Re&Im Mask2 [(F)»| sTFT2 |
§ Redm

Fig. 1. DNLF-SS model architecture.

Since the original deep non-linear filtering model uses only bidirectional LSTM layers,
it cannot be deployed in real-time applications. To address this, we decided to train two
versions of the DNLF-SS model: one utilizing the original bidirectional LSTM layers and a
second using unidirectional LSTM layers. A bidirectional LSTM layer use pair of weights
and processes the input signal from the past-to-future (forward) and from the future-to-past
(backward). While this allows the model to leverage future context, it prevents real-time
execution because the model must wait for future frames that are unavailable in real-world
streaming scenarios. In contrast, a unidirectional LSTM layer processes the sequence only
in the forward direction. This makes real-time deployment possible, as the model can
process the current time frame using only the current input and the hidden states from past
frames [7]. Furthermore, switching to unidirectional LSTM layers reduces the parameter
size of the recurrent block by half.

We utilized the open-source Libri2Mix dataset [8] with additional noise for training and
evaluation. The dataset consists of mixtures of two speakers with background noise, where
the Signal-to-Noise Ratio (SNR) ranges from -6 dB to +3 dB between the loudest speaker
and the background noise. The audio data was segmented into 3-second frames at a 16
kHz sampling rate. We use the train-360 dataset subset for training and the test subset for
evaluation. The network was trained for 100 epochs with 2 samples per batch. The Adam
optimizer was used for training with an initial learning rate of 103, which is reduced by a
factor of 1.1 every 30 epochs.

As the loss function for training, we use the negative scale-invariant signal-to-distortion
ratio (SI-SDR) [9]. The SI-SDR is calculated directly in the time domain rather than the
frequency domain by comparing the target time-domain speech signals with the estimated
ones. Because speech separation training focuses on obtaining outputs without a
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predefined speaker order, we apply an utterance-level permutation-invariant training (uPIT)
technique [10].

xTs
a=r—, @
Bk
SI-SDR(x, %) = 101o Maxll® (5)
' 510 \llax = %112

where x is a target signal, and X is estimated speech.

TEell

N
. 1 -
L(X,X) = - max [NZ SI-SDR(xi,x,T(i))], (6)
i=1

where X is the list of N target sources, X is the list of N estimated sources, and the max[ |
operation ensures the optimal assignment.

In addition to SI-SDR, we also employ the SI-SDR improvement (SI-SDRi) metric for
evaluation. This metric estimates the improvement in the separation level achieved by the
model compared to a baseline. As a baseline, we calculate the initial SI-SDR metric for the
original mixed signal

SI-SDRi(x, £, mix) = SI-SDR(x, £) — SI-SDR(mix, %). (7)

RESULTS AND DISCUSSION

We trained two LSTM-based models for speech separation in noisy conditions: DNLF-
SS-UNI, which utilizes unidirectional LSTM layers, and DNLF-SS-BI, which utilizes
bidirectional LSTM layers. The comparative results of our proposed models against the
Conv-TasNet baseline are presented in Table 1.

Table 1. Comparison for Libri2Mix test

Models SI-SDR (dB) SI-SDRi (dB) Params. (M) FLOPs (G)
Conv-TasNet 4.48 6.41 5.1 9.992
DNLF-SS-UNI 3.41 5.34 1.4 0.013

DNLF-SS-BI 5.82 7.76 3.3 0.026

Our DNLF-SS-BI model demonstrates an improvement of 2.4 dB over the DNLF-SS-
UNI variant across both the SI-SDR and SI-SDRi metrics. All results listed in the table were
evaluated on the test subset of the Libri2Mix dataset under noisy background conditions.
Although the bidirectional version of the model requires roughly 2.3 times more parameters
than its unidirectional counterpart, it still maintains 1.8M fewer parameters than Conv-
TasNet. Furthermore, both of our proposed models require fewer than 250M FLOPs to
process 1 second of audio, whereas the fully-convolutional Conv-TasNet model requires
approximately 10 GFLOPs.
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CONCLUSION

In this study, we investigated a deep non-linear filtering model modified for single-
channel speech separation. Our best model achieves a performance of 5.82 dB in the SI-
SDR metric and 7.76 dB in SI-SDRI, outperforming the Conv-TasNet model by 1.34 dB
across both metrics. Additionally, we demonstrate that the backward temporal direction is
crucial for the separation performance of LSTM-based models. Utilizing unidirectional
layers in the deep non-linear filtering model resulted in a performance drop of over 2.4 dB
for each metric, while reducing the model size by only 1.9M parameters. Although
bidirectional LSTM layers yield higher separation results and better quality in the
reconstructed audio, their architecture prevents them from being used in online separation
tasks because they require buffering at least 1 second of audio. In contrast, both Conv-
TasNet and our proposed unidirectional model, DNLF-SS-UNI, support efficient real-time
online processing.
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PO3[INIEHHA MOBJIEHHSA 3 BUAKOPUCTAHHAM MOAN®IKOBAHOI
rMUBUHHOI MOAENI HENIHINHOI ®INbTPALI

AHOQpiti emko*, leaH Kap6oeHuk

Kaghedpa padioghizuku ma kom’romepHuUx mexHosoai,
JlbgigcbKuli HayioHanbHUl yHieepcumem imMeHi lsaHa ®paHka
8yn. ['eH. TapHaecbkoeo, 107, 79017 Jlbsis, YkpaiHa

AHOTALIA

BcTtyn. EdekTuBHICTb aBTOMaTU30BaHNX CUCTEM PO3Mi3HaBaHHS MOBMEHHS A5 OAHOro
MiKpOpOHa CYTTEBO 3HUXYETHCS B peanbHUX yMOBaX, KONIM 0QHOYACHO roBOPATb AekKinbka
nogen nopydy i3 npuctpoem. Xova Ans cuctem i3 GaraTema MikpodoHamu 3agada
pO3A4iNeHHs MOBMNEHHs1 abo po3dineHHs [XKepen curHany 3aranom BUpILLYETbCA 3a
[OMOMOrOH0 Taknx anropuTMiB, Ak aganTuBHe POPMyBaHHS AiarpaMmy CpSMOBaHOCTI (aHrn.
beamforming), abo 3 BMKOPUCTaAHHSIM HEMPOHHUX MepeXx AK rmMmnboki moaeni HeniHinHoT
dinbTpadii, Ui nigxoan € HeeEeKTUBHUMN AN PO34iNeHHS MOBIIEHHS B CUCTEMAX 3 OOHUM
MiKPOOHOM.

MaTtepianu Ta meToaun. Mn obpanu edbekTMBHY rmMMBOKY MOAENb HENIHINHOT inbTpauii,
po3pobneHy aAnst 6araTokaHanbHUX CUCTEM BUAINEHHS] MOBIEHHS 3i CTEPUHI-MEXaHi3MOM
(kepyBaHHSAM Aiarpamoto CNpsiIMOBAHOCTI), i MoaundikyBanu ii Ans ogHOKaHanbHOI CUCTEMU
po34ineHHss MOBMNeHHs. Lig mogenb B OCHOBI NoOynoBaHa 3 BMKOPUCTAHHSAM Tak 3BaHUX
OK4M-wapis (OKYlM — gosra kopoTkoyacHa nam’sitb, aHrn. Long short-term memory,
LSTM), ogHak 6e3 3acTocyBaHHSA MOBOPOTHOrO MEXaHi3My i Mokasye BUCOKY e(PeKTUBHICTb
Ons BUAINEHHA O4HOro MOBUSA Ha (DiIKCOBaHOMY KyTi BiHOCHO IiHIMKM MIKPOGOOHIB, L0
HaLUTOBXHYIO Hac Ha ifgeto, Wo AaHa mogenb, nepebynoBaHa Anst O4HOKaHamNbHOI CUCTEMMU,
Moxxe ByTn Takox ecpekTnBHO. Mu goganv Ao uiei moaeni AoAaTKOBUIM BUXiA ANs reHepavuii
Opyroi Macku Aons Opyroro MoBUS Ha AoJady [0 BXe icHytodoi. BukopucTtoBytoun Habip
AaHux Libri2Mix 3 gogaTkoBvM LWyMOM MW HaBYMIU AaHy MOAENb PO3AiNeHHI0 MOBMEHHS
6e3 doHoBUX LWyMiB. TakoX My JOCRIAUNN BMIMB BUKOPUCTAHHA CaMe [BO-HanpaBreHuX
OK4YM wapie Ta ogHocnpsmoBaHux KUY wapie, ockinbkn opuriHanbHa rMMbrHHa moaenb
HeniHiMHOI inbTpaLii 4Yepe3 BMKOPUCTAHHA [BO-HaNpaBreHuX LWapiB He Moxe OyTu
3aCTOCOBaHa 4115 PO3AiINEHHS MOBIEHHS Y peanbHOMY Yaci.

Pesynbtatmy 1 o6roBopeHHsa. Mogens OH-TH®-PM (OH-TH®-PM - opgHo-
HanpsiMneHa rmMuboka HeniHinHa inbTpauis Ans po3dineHHs MoBrneHHsi, aHrn. DNLF-SS-
UNI — Deep non-linear filtering speech separation unidirectional) 3 ogHo-HanpsmneHMu
OKYM wapamn gemoHcTpye piBeHb posgineHHs B 3,41 b ana wmetpukn MI-BCC
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(macwTabHo-iHBapiaHTHOrO BiQHOLLUEHHS curHamny Ao cnoTBopeHb, aHrn. SI-SDR — Scale-
invariant signal-to-distortion ratio) Ta 5,34 ob gna nMI-BCC (nokpalieHHs macluitabHo-
iHBapiaHTHe BiOHOLLUEHHS CUMrHany 4o CnoTBOpeHb, aHrn. SI-SDRi — Scale-invariant signal-
to-distortion ration improvement) Ha TectoBomy Habopi gaHux 3 Libri2Mix 3 cdoHoBMMM
wymamu, B ToM vac gk mogens AH-FTH®-PM (OH-FTH®-PM — gHo-HanpsimneHa rnvboka
HeniHiHa dinbTpauia Ana posaineHHs MoBneHHsi, aHrn. DNLF-SS-BI - Deep non-linear
filtering speech separation bidirectional) 3 gBo-Hanpamnenumn OKYM wapamu nokasye
BuLWe pe3ynbtatn B 5,82 b 1a 7,76 ob ana metpuk SI-SDR Ta SI-SDRi BignosigHo. OgHak,
[OBO-HarnpaBrneHa Bepcis mogeni notpebye mamxke B 2,3 pasu Oinblie HaBYanbHUX
napamMeTpiB, MOPIBHSIHO 3 O4HO-HaMNPaBNEHOK BEPCIELD.

BucHoBku. BukopuctanHa aso-Hanpamnexnmx OKYl wapis ona 3agadi posgineHHs
MOBIEHHA B apxiTektypax no Tuny rMuMbuHHOI Mogdeni HeniHiiHoI dinbTpauii €
BUpILLANbHUM, OCKiNbK1 Mogernb 3 ogHoHanpamneHnmy OKYI wapamu nokasye 3HMXeHHS
e(eKTMBHOCTI po3aineHHs Ha 2,4 ob ans o6ox meTpuk, — sk MI-BCC, tak i nMI-BCC.

Knroyoei csioea: pekypeHTHi HEWPOHHI Mepexi, pO34iNeHHA MOBMEHHS, MalUVHHE
HaBYaHHS
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  SI-SDR  ( x ,   x ^ ) = 10    log 10 ⁡   (      ‖ 𝛼 x ‖ 2     ‖ 𝛼 x −     x ^ ‖ 2 ) ,


  x


    x ^


  L  ( X ,     X ^ ) =   −      max  𝜋 𝜖   𝛱  N ⁡   [  1  N   ∑  i = 1  N  SI-SDR  (   x  i ,     x ^  𝜋 ( i ) ) ] ,


  X


  N


    X ^


  N


  max [   ]


  SI-SDRi  ( x ,   x ^ , m i x ) = SI-SDR  ( x ,   x ^ ) − SI-SDR  ( m i x ,   x ^ ) .

