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Abstract
Recently, stunning improvements on multi-channel speech sep-
aration have been achieved by neural beamformers when direc-
tion information is available. However, most of them neglect to
utilize speaker’s 2-dimensional (2D) location cues contained in
mixture signal, which limits the performance when two sources
come from close directions. In this paper, we propose an end-to-
end beamforming network for 2D location guided speech sep-
aration merely given mixture signal. It first estimates discrim-
inable direction and 2D location cues, which imply directions
the sources come from in multi views of microphones and their
2D coordinates. These cues are then integrated into location-
aware neural beamformer, thus allowing accurate reconstruc-
tion of two sources’ speech signals. Experiments show that our
proposed model not only achieves a comprehensive decent im-
provement compared to baseline systems, but avoids inferior
performance on spatial overlapping cases.
Index Terms: Speech separation, neural beamforming, 2D
sound source localization, spatial overlapping issue

1. Introduction
Speech separation aims to extract all individual speech signals
from the observed mixture speech, which is a high-demand
front-end technology for various real-world applications, such
as speech recognition [1, 2] and speaker verification [3, 4].

For quite some time, multi-channel speech separation so-
lutions have attracted much research attention due to the ben-
efit of spatial information in the microphone array setup. For
example, deep learning based beamformers [5, 6, 7] are well
studied to estimate speech and noise covariance matrices and
beamforming weights in an end-to-end fashion. The spatial dis-
crimination facilitates separation when the azimuth difference
between speakers is large. Nevertheless, most multi-channel
approaches fail on separation when two sources’ directions are
less than 15◦ away from each other. This is the so-called spatial
overlapping or spatial ambiguity issue [8].

To retain practicality on small azimuth difference cases,
some multi-channel separation systems introduce extra speaker
cue [9, 10] from an enrolled reference utterance, visual cue [11]
from face tracking and lip movements, or direction cue [5, 6, 7]
from an additional visual detection system. Such systems re-
quire wide-angle camera, speaker embedding model or lip read-
ing network, which might be more resource-consuming.

In blind source separation applications, above mentioning
cues are not available and only observed mixture signal can be
leveraged to process. Previous works [12, 13, 14] make efforts
to estimate direction-of-arrival (DOA) for each source to guide
the estimation of individual sources’ speech signals. They rely

* denotes the corresponding author.

on the assumption that all microphones can be approximated
to have the same DOA when distance between source and mi-
crophone array is large. However, this assumption does not hold
when source locates in near-field of a large-spacing microphone
array. Moreover, obtaining only one DOA is not sufficient for
2D localization. Thus we offer a 2-observer solution rather than
using the centroid of array as reference point, which means de-
termining source’s two DOAs at two outermost microphones of
a linear array. This enables us to obtain source’s (x, y) coordi-
nates on a 2D horizontal plane through triangulation and lever-
age these 2D location cues to provide extra discrimination, thus
can better handle small azimuth difference cases.

In this work, to explicitly guide separation task with 2D lo-
cation cues and relieve performance decline problem under spa-
tial overlapping conditions, we propose Locate and Beamform
Network (LaBNet), a 2D location-aware neural beamforming
framework. Specifically, we design 2D Locator, aiming at es-
timating source’s two DOAs at two outermost microphones as
well as corresponding direction embeddings. 2D coordinates of
each source are then calculated with the estimated 2 DOAs. In
this way, LaBNet can explicitly utilize spectral, spatial, direc-
tion and location features with 2D Locator and location-aware
neural beamformer to prompt the difference between speakers
from all perspectives. Experimental results show that both over-
all speech separation performance and the lower bound on spa-
tial overlapping cases are substantially improved compared to
existing state-of-the-art methods.

2. Generalized RNN-beamformer Baseline
Consider the input mixture waveform y ∈ RL×M , where L is
denoted as the number of audio samples and M as the number
of audio channels, the corresponding time-frequency represen-
tations after STFT can be formulated as

Y (t, f) = S(t, f) + I(t, f) (1)

where S stands for the target speech and I represents the sum
of interfering speakers’ speech and noise (if any).

GRNN-BF proposed in [7] contains two modules, com-
plex ratio filter (cRF) [15] estimator and RNN beamformer.
The cRFs are predicted by cRF estimator and then used to cal-
culate the target speech and interference covariance matrices.
The RNN beamformer accepts the target speech and interfer-
ence covariance matrices and generates frame-level beamform-
ing weights for the target speaker.

For each T-F (time-frequency) unit of mixture, the esti-
mated cRF applied to its neighbouring units following

ŜcRFi(t, f) =

τ1=K∑

τ1=−K

τ2=K∑

τ2=−K

cRFSi (t, f, τ1, τ2)

∗Y (t+ τ1, f + τ2)

(2)
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Figure 1: Architecture of our proposed LaBNet. cRF estimator (red part) produces cRFs to obtain speech and interference covariance
matrices for both speakers as input of following modules. 2D Locator (green part) is introduced for explicit discrimination guidance
to neural beamformer with predicted direction and location embeddings. Location-aware neural beamformer (blue part) predicts
beamforming weights for each source. All components in our framework are trainable, which allows backpropagation all around.

where ŜcRFi(t, f) indicates the i-th speaker’s speech estimated
by cRFSi , and K defines the number of neighboring T-F bins.
Likewise, the i-th speaker’s interference noise ÎcRFi(t, f) can
be obtained by cRFIi in a similar manner. Then, the frame-
wise i-th speaker’s speech covariance matrix can be calculated
with the estimated target speech and its conjugate transpose by
a layer normalization [16] shown in Eq. (3). Another layer nor-
malization is applied for computing speaker i’s corresponding
interference noise covariance matrix ΦIi(t, f).

ΦSi(t, f) = LayerNorm(ŜcRFi(t, f)Ŝ
H
cRFi(t, f)) (3)

GRNN-BF believes that a better beamformer solution can be
directly learned from the speech and noise covariance matrices
by neural network. Thus only one unified RNN model is applied
to predict the frame-level beamforming weights directly from
the covariance matrices, which can be formulated as

wi(t, f) = GRU ([ΦSi(t, f),ΦIi(t, f)]) (4)

Here, [·, ·] denotes the concatenation operation of the i-th
speaker’s speech and interference noise covariance matrices.
Next, the STFT representation of mixture Y (t, f) is beam-
formed with the estimated beamforming weights wi(t, f) to
obtain the estimate of the i-th target speaker’s speech spectro-
gram ŜGRNN-BFi(t, f), which can be formulated as

ŜGRNN-BFi(t, f) = wH
i (t, f)Y(t, f) (5)

Finally, the separated time-domain waveform of the i-th
speaker’s speech ŝi can be converted from the beamformed
spectrum ŜGRNN-BFi(t, f) using iSTFT. All of the covariance
matrices and beamforming weights are complex-valued. The
real and imaginary parts of these complex-valued tensors are
concatenated throughout the network.

3. LaBNet Architecture
GRNN-BF [7] requires prior known DOA of target speaker,
which is calculated according to the location of target speaker in
the video view captured by a wide-angle camera, thus does not
suit applications where only observed mixture signal is avail-
able. Meanwhile, the DOA is roughly estimated and its DOA
estimator cannot be jointly optimized with neural beamformer,
which limits the upper bound performance of the system.

In this section, we introduce LaBNet to utilize discrimi-
native 2D direction and location information merely from the
given mixture signal (i.e., there is no requirement for providing
any extra auxiliary information in our system), thus alleviating
the performance degradation caused by spatial overlapping is-
sue [8] without sacrificing the overall separation performance.

3.1. Overview of LaBNet

Fig.1 shows the detailed architecture of our proposed LaB-
Net, which consists of cRF estimator, 2D locator and location-
aware neural beamformer. Specifically, the magnitude of refer-
ence channel and interaural phase difference (IPD) features of
five microphone pairs are extracted from multi-channel mixture
STFT. Unlike GRNN-BF [7], the directional feature captured by
camera is not available here and we pass magnitude rather than
log power spectrum (LPS) along with IPD to cRF estimator. We
replace dialated Conv-1D blocks with a GRU module in cRF es-
timator due to consideration of saving GPU memory usage. Af-
ter obtaining cRFs for each speaker’s speech and interference,
multi-channel target speech and corresponding interference can
be computed with Eq. (2). Then, speech and interference co-
variance matrices are calculated with two layer normalization
[16] shown in Eq. (3). The next step is to predict beamforming
weights from the covariance matrices. This work proposes to in-
troduce a tiny 2D locator (0.9 M) to offer direction and location
discrimination for GRU-based beamformer, even on closely lo-
cated cases, to learn more accurate beamforming weights and
exhibit more effective speech separation capability.

3.2. 2D Locator

DOA estimator. For each source, the DOA estimator ac-
cepts its speech and interference covariance matrices and output
the frame-level spatial spectrum(s) [17] related to its DOA(s).
The likelihood-based spatial spectrum is based on the assump-
tion that the probability of source being at each individual
angle follows Gaussian distribution that maximizes at ground
truth DOA. Formulaically, we adopt a 210-dimensional vec-
tor p(n)

i (θ) for each time frame to include the probabilities of
one source locating at 210 individual directions (the azimuth θ
ranges from −15◦ to 195◦):

p
(n)
i (θ) = e−d(θ,θ′)2/σ2

(6)

where θ′ is the ground truth DOA of one source, σ is a pre-
defined constant that controls the width of the Gaussian func-
tion and d(·, ·) denotes the angular distance. Note that n ∈
{1, ..., N} and when N is set to 1, only one DOA at the cen-
troid of array is estimated; when N = 2, 2 DOAs w.r.t. 2
outermost microphones will be estimated. The DOA estima-
tor is composed of two convolutional layers and a GRU mod-
ule. The first convolutional layer projects covariance matrices
into the DOA space to obtain 210 × N -dimensional direction
embedding Di for each T-F unit. The second one convolves
along time and DOA axes and aggregates features across all fre-
quency bins to generate initial spatial spectrums for each time
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Figure 2: The components of DOA estimator and the diagram
of triangulation. Dashed line means optional operation.
frame. The following GRU module learns temporal context in-
formation among all time frames to polish the frame-level spa-
tial spectrum before outputing it. We select mean squared error
to measure the disparity between the estimated and the ideal
frame-level spatial spectrum for the i-th speaker p̂(n)

i and p
(n)
i

at n-th observer:

LDOAi =
N∑

n=1

||p̂(n)
i − p

(n)
i ||2 (7)

Triangulation. Given prior known interval between 2 out-
ermost microphones c and the estimated 2 DOAs regarding
them θ1, θ2, the distances between source and outside micro-
phones can be given by Law of Sines (Fig.2 (b)). We then com-
pute 2D coordinates (x, y) which represent source’s relative lo-
cation to the reference microphone.

3.3. Location-aware neural beamformer

Two additional inputs are taken by our proposed location-aware
neural beamformer besides speech and noise covariance matri-
ces compared to GRNN-BF: 1) DOA estimator’s intermediate
output, the direction embedding Di, that indicates from which
azimuth direction the speech comes in each T-F bin. 2) the loca-
tion embedding Li, which is the repeats of source’s frame-level
2D coordinates (x, y)i along the frequency dimension, indicat-
ing each source’s location in each T-F unit.

The estimated direction and location embeddings for each
speaker, Di(t, f) and Li(t, f) are concatenated with speech
and interference covariance matrices of corresponding speaker
along feature dimension and respectively fed into two paral-
lel beamformers to generate the beamforming weights for each
speaker following Eq. (8) and thus can more accurately separate
the two speaker’s speech.

wi(t, f) = GRU ([ΦSi(t, f),ΦIi(t, f),Di(t, f),Li(t, f)])
(8)

In this way, the 2D Locator explicitly performs an auxil-
iary task for blind source separation. The introduced direction
and location embeddings just compensate the less discrimina-
tive spatial information in covariance matrices when sources
come from adjacent directions, thus enabling the neural beam-
former to regain discrimination even on closely located cases.

3.4. End-to-end Training

Given the mixture y, target speech si, estimated target speech
ŝi, weighted source-to-distortion ratio (wSDR) [18] can be
computed as follows: LwSDRi(y, si, ŝi) = γLSDR(si, ŝi)+(1−
γ)LSDR(y−si,y−ŝi), where γ = ||si||2/(||si||2+||y−si||2),
LSDR(x, x̂) = −⟨x, x̂⟩/(||x||||x̂||). The wSDR losses of both
speakers are added up as speech separation loss. For optimizing
the whole system, we use a multi-task loss as training objective:

LLaBNet = α ∗
2∑

i=1

LDOAi + β ∗
2∑

i=1

LwSDRi (9)

where α and β are the weights of DOA estimation task and
speech separation task, respectively. We adopt azimuth sorting
training strategy [19], sorting all sources’ labels in ascending
order by DOAs. In this way, permutations of DOAs and speech
signals are not mismatched and LaBNet can be clear about with
which branch to estimate which source during training.

4. Experiments and Analysis
4.1. Dataset

We follow the simulation procedure in [20]. We simulate 6-
channel reverberant speech from LibriSpeech corpus [21] with
a linear microphone array with spacings of 4 cm, 4 cm, 12 cm,
4 cm, 4 cm. We use pyroomacoustics [22] to randomly simulate
RIRs of 50, 10 and 10 different rooms for train, validation and
test dataset split. The sizes (length, width, height) of rooms are
ranged from 4m, 3m, 2.5m to 12m, 9m, 5m. The RT60s are
sampled between 0.3s and 0.8s. The distance between source
and microphone array is set to [0.5m, 8m]. After simulation, we
randomly select two source signals of different speakers from
the same room to mix and truncate to 4 seconds long segments.
The distance between two sources is set to at least 1 meter due
to social distancing. Our dataset contains 40,000 utterances (44
hours) for training, 5000 for validation, 3000 for testing. To
evaluate ASR performance, we simulate 1000 more utterances
which are not truncated and therefore aligned with label text.
Examples with azimuth difference of < 15◦, 15−45◦, 45−90◦

and > 90◦ account for 16%, 26%, 32% and 26% in the dataset.

4.2. Experimental setup

In order to train on a single GeForce RTX 3090, we conduct
all our experiments with a batch size of 4. When training LaB-
Net, we use one warm-up epoch and Adam optimizer [26]. The
initial learning rate is set to 1e-4 and the max norm of the gra-
dients is set to 3. For the first 10 epochs, LaBNet is trained
with emphasis on DOA estimation (α = 5, β = 1). And for
rest epochs, α and β are set to 1 and 10, respectively. For ab-
lation study, we train GRNN-BF with only separation loss af-
ter removing 2D Locator of LaBNet. We apply uPIT strategy
[27] when training all systems except LaBNet which is trained
with azimuth sorting training strategy. The model achieves the
best performance on validation set is chosen after 40 epochs.
STFT is conducted with 512-point FFT along 32ms Hamming
window with 50% stride, and the output feature dimension is
257. The STFT and iSTFT are implemented with fixed con-
volutional encoder and decoder [11]. The cosIPDs [28] are
computed from five pairs between the first microphone and
the rest microphones. The cRF estimator is a 2-layer uni-
directional GRU with 500 hidden units followed by 4 FC lay-
ers with ReLU activation [29]. The GRU module in DOA es-
timator is a 2-layer uni-directional GRU with 210 hidden units
and every neural beamformer contains a FC layer and a 2-layer
uni-directional GRU with 300 hidden units followed by a FC
layer. The size of cRF K × K is set to 3 × 3. The constant
σ in spatial spectrum coding is set to 8. We use pretrained
Conformer-CTC Large to evaluate the ASR performance. See
https://huggingface.co/nvidia/stt en conformer ctc large.

4.3. Results and discussion

The reverberant speech of each source is taken as reference sig-
nal to measure SI-SDR [30], PESQ and WER of the separated
speech. DOA estimation performance is also tested with ac-
curacy and mean absolute error for LaBNet. Azimuth sorting

3791



Table 1: Experimental results on our simulated dataset. SI-SDR (dB), PESQ and WER (%) are evaluted under different azimuth
difference ranges between speakers. Bold face indicates the best performance.

Systems / Metrics Features & Setup SI-SDR (dB) ↑ / PESQ ↑ / WER (%) ↓
< 15◦ 15− 45◦ 45− 90◦ > 90◦ Avg.

Conv-TasNet [23] monaural waveform 4.35/1.42/72.6 4.46/1.42/69.8 4.62/1.43/68.8 4.75/1.44/68.5 4.58/1.43/69.2
FaSNet-TAC [24] multi-channel waveform 3.80/1.34/73.5 6.17/1.49/62.4 7.80/1.63/49.0 8.37/1.68/36.7 6.99/1.56/67.1
NB-LSTM [25] multi-channel STFT 2.61/1.36/79.1 6.56/1.71/57.3 9.57/2.09/28.7 10.65/2.29/11.9 8.13/1.95/32.3
GRNN-BF [7] Mag, IPD 4.94/1.57/46.3 8.03/1.94/25.3 9.55/2.13/24.4 9.92/2.18/13.1 8.62/2.02/29.9

GRNN-BF-Large Mag, IPD 5.18/1.61/45.9 8.35/2.01/25.1 10.11/2.24/23.0 10.55/2.31/12.5 9.10/2.11/26.9

LaBNet

Mag, IPD,
Estimate 1 DOA 6.28/1.78/44.4 9.73/2.30/24.1 11.42/2.55/18.9 11.96/2.68/11.3 10.44/2.40/25.2

Mag, IPD,
Estimate 2 DOAs 6.42/1.79/40.1 9.80/2.28/23.3 11.53/2.59/16.2 11.88/2.64/11.6 10.46/2.43/22.6

Mag, IPD, Estimate
2 DOAs & 2D coordinates 6.62/1.82/39.0 10.01/2.34/21.5 11.73/2.63/15.7 12.11/2.71/10.6 10.69/2.47/20.4

Table 2: Accuracy (%) (error < 5◦ as correct) and MAE (◦)
results reflecting frame-level DOA estimation performance.

Model Accuracy (%) ↑ / MAE (◦) ↓
< 15◦ 15− 45◦ 45− 90◦ > 90◦ Avg.

DOAnet [31] 59.9/5.2 75.3/4.4 73.8/6.3 61.2/9.6 68.9/5.5
LaBNet 88.7/2.7 93.1/2.0 94.3/2.0 88.5/3.0 91.7/2.4

training strategy is only applied in training stage as azimuth or-
der is not given when inferencing and all results are the ones
computed from the permutation with the highest SI-SDR score.

4.3.1. Overall speech separation performance

As shown in Table 1, our proposed LaBNet significantly outper-
forms previous baselines: NB-LSTM [25] and GRNN-BF [7] in
frequency domain, Conv-TasNet [23] and FaSNet-TAC [24] in
time domain. Compared to GRNN-BF, LaBNet obtains 2.07 dB
absolute improvement on SI-SDR (i.e., 10.69 dB vs. 8.62 dB).
In metric of PESQ and WER, LaBNet achieves 0.45 and 9.5%
absolute improvements over GRNN-BF.

Spatial overlapping issue. Although the average perfor-
mance of all multi-channel models is substantially better than
that of single-channel model Conv-TasNet, results of category
< 15◦ (azimuth difference between sources less than 15◦) re-
flect the limitation of multi-channel methods [24, 25] on spatial
overlapping cases. LaBNet, however, mitigate this issue with
a decent average SI-SDR of 6.62 dB and PESQ of 1.82, which
manifests the inclusiveness of our system.

4.3.2. Ablation study

We conduct ablation study on LaBNet about whether to in-
troduce 2D Locator, the number of DOAs to be estimated
and whether to estimate sources’ 2D coordinates. Note that
GRNN-BF (14.6M) with 2D Locator is equivalent to LaB-
Net (15.5M). For a fair comparison, we scale GRNN-BF to
a comparable model size (15.7M) by adding GRU layers,
termed as GRNN-BF-Large. Additionally estimating 1 and 2
DOAs elevate overall performance to 10.44 dB/2.4/25.2% and
10.46dB/2.43/22.26% from 9.1 dB/2.11/26.9%. Adding the es-
timation of 2D coordinates brings 0.2 dB further improvement
on SI-SDR. Thereby, LaBNet gains 1.6 dB SI-SDR, 0.36 PESQ
and 6.5 % WER absolute improvements over GRNN-BF-Large
without increasing model size. This verifies the beneficial guid-
ance from direction and location embeddings to neural beam-
former for separation task.

Table 2 compares the accuracy and MAE results of DOAnet
[31] and LaBNet. Considering that 5◦ is an admissible error
[32], the DOA estimation performance of LaBNet is quite out-

Figure 3: The scatter plot of SI-SDR distribution under different
azimuth differences between sources. Results of GRNN-BF and
LaBNet are reported on testset.
standing (average angular error of 2.36◦), even on spatial over-
lapping cases. By separately performing DOA estimation for
each individual source rather than for all sources in the mixture
once, DOAs are precisely predicted. This confirms that DOA
estimation and separation in LaBNet benefit each other.

Fig.3 illustrates distributions of SI-SDR score of GRNN-
BF-Large and LaBNet on testset. It can be observed that: (1) In
terms of < 30◦cases, LaBNet produces less “bad cases” with
low or negative SI-SDR and elevates more examples to higher
than 5 dB SI-SDR (red oval). (2) 2D Location cue does pro-
vide extra discrimination for separation, even on large azimuth
difference cases, which almost eliminates examples whose SI-
SDR is less than 5 dB (red rectangle). This favors backend ASR
task a lot. (3) The SI-SDR distribution estimated by LaBNet is
more compact with higher mean but lower variance, which suits
ASR systems that are sensitive to low SI-SDR cases.

5. Conclusion and Future Work
In this work, we design a novel multi-channel input and mul-
tiple outputs 2D location-aware beamforming network, aiming
at providing additional discrimination with direction and loca-
tion cues. By introducing a light-weight 2D locator (0.9M), our
proposed system performs stunningly on both speech separation
and DOA estimation tasks. Future work will explore an array
geometry agnostic model and consider environmental noise.
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python package for audio room simulation and array processing
algorithms,” in 2018 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP). IEEE, 2018, pp. 351–
355.

[23] Y. Luo and N. Mesgarani, “Conv-tasnet: Surpassing ideal
time–frequency magnitude masking for speech separation,”
IEEE/ACM Transactions on Audio, Speech, and Language Pro-
cessing, vol. 27, no. 8, pp. 1256–1266, 2019.

[24] Y. Luo, Z. Chen, N. Mesgarani, and T. Yoshioka, “End-to-end mi-
crophone permutation and number invariant multi-channel speech
separation,” in ICASSP 2020 - 2020 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP), 2020,
pp. 6394–6398.

[25] C. Quan and X. Li, “Multi-channel narrow-band deep speech sep-
aration with full-band permutation invariant training,” in ICASSP
2022 - 2022 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), 2022, pp. 541–545.

[26] D. P. Kingma and J. Ba, “Adam: A method for stochastic opti-
mization,” arXiv preprint arXiv:1412.6980, 2014.

[27] M. Kolbæk, D. Yu, Z.-H. Tan, and J. Jensen, “Multitalker speech
separation with utterance-level permutation invariant training of
deep recurrent neural networks,” IEEE/ACM Transactions on Au-
dio, Speech, and Language Processing, vol. 25, no. 10, pp. 1901–
1913, 2017.

[28] Z.-Q. Wang, J. Le Roux, and J. R. Hershey, “Multi-channel deep
clustering: Discriminative spectral and spatial embeddings for
speaker-independent speech separation,” in 2018 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Processing
(ICASSP). IEEE, 2018, pp. 1–5.

[29] X. Glorot, A. Bordes, and Y. Bengio, “Deep sparse rectifier neural
networks,” in Proceedings of the fourteenth international confer-
ence on artificial intelligence and statistics. JMLR Workshop
and Conference Proceedings, 2011, pp. 315–323.

[30] J. Le Roux, S. Wisdom, H. Erdogan, and J. R. Hershey, “Sdr–
half-baked or well done?” in IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP). IEEE, 2019,
pp. 626–630.

[31] S. Adavanne, A. Politis, and T. Virtanen, “Direction of arrival es-
timation for multiple sound sources using convolutional recurrent
neural network,” in 2018 26th European Signal Processing Con-
ference (EUSIPCO), 2018, pp. 1462–1466.

[32] L. Perotin, R. Serizel, E. Vincent, and A. Guérin, “Crnn-based
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