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Abstract
Although most existing speech separation networks are de-
signed as a one-pass pipeline where the sources are directly es-
timated from the mixture, multi-pass or iterative pipelines have
been shown to be effective by designing multiple rounds of sep-
aration and utilizing separation outputs from a previous itera-
tion as additional inputs for the next iteration. Moreover, such
iterative separation pipeline can also be extended to a more gen-
eral framework where a training objective designed to minimize
the discrepancy between the estimated and target sources is ap-
plied to different parts of the network. In this paper, we empiri-
cally investigate the effect of such generalized iterative separa-
tion pipeline by adjusting its configuration in multiple aspects
in both training and inference phases. For the training phase,
we compare the separation performance of both time-domain
and frequency-domain networks with different numbers of it-
erations following the recent discussions on the model archi-
tecture organizations. We also evaluate the effect of parameter
sharing across iterations and the necessity of additional training
objectives. For the inference phase, we measure the separation
performance of various numbers of iterations. Our results show
that iterative speech separation is a promising direction and de-
serves more in-depth analysis and exploration.
Index Terms: speech separation, speech enhancement, iterative
separation

1. Introduction
The design of a wide range of speech separation networks fol-
lows a general one-pass pipeline, where the input mixture wave-
form is passed to a neural network to directly estimate the tar-
get sources [1–6]. On the other hand, recent developments
on the multi-pass or iterative pipeline have shown improved
separation performance [7–11]. Conventional iterative separa-
tion pipelines were typically designed by certain iterative algo-
rithms, such as Expectation-Maximization (EM) and nonnega-
tive matrix factorization (NMF) [12–14], where multiple iter-
ations are required for the algorithms to converge and achieve
a satisfying performance. In neural network-based systems, an
iterative speech separation pipeline can be defined as a system
that contains multiple rounds of the separation process, where
(1) each iteration performs a full separation pipeline, and (2) the
separation outputs from a previous iteration can be used as addi-
tional information in an upcoming iteration. In single-channel
applications, the iterative pipeline has proven better than one-
pass pipelines with comparable model complexity [10, 11]. In
multi-channel applications, the iterative pipeline can improve
the performance of either a vocal activity detector (VAD) or
a beamformer [9, 15, 16]. Different features such as speaker-
specific embeddings can also be extracted from the previous
separation outputs and serve as the additional feature for fol-
lowing iterations [17–20].

A common configuration for such iterative separation
pipeline is that the training objective, typically the discrep-

ancy between the estimated and target sources, is applied to
all the iterations. By unfolding the iterations into additional
layers or modules in a deeper network, such training objec-
tive corresponds to a layer-wise objective in one-pass pipelines
[21, 22]. Moreover, the objective can be further extended to
models where a post-enhancement stage is applied to each of
the separation outputs [8, 23–26]. This gives us a generalized
iterative separation pipeline where the same training objective
is applied to different parts of the network. Different model
design and architecture configurations in such generalized iter-
ative separation pipelines may result in different effects on the
separation performance. However, a better understanding on
the components as well as their combinations is still beneficial
for the investigation of the reason behind their effectiveness and
the design of improved pipelines.

In this paper, we empirically investigate the effect of multi-
ple components in the generalized iterative separation pipelines.
From the model architecture perspective, we adopt networks in
both time-domain and frequency-domain similar to the config-
uration in [10], while we further compare different model ar-
chitecture organizations discussed in recent studies [27]. More-
over, we compare the training configurations of whether gradi-
ents are accumulated for all the iterations or truncated within
each iteration. The latter one corresponds to the setting of treat-
ing each iteration as a full pipeline with certain additional bias
information defined by the separation outputs from a previous
iteration. Such additional bias information does not involve in
the backpropagation process of the current iteration and can be
viewed as a data augmentation method for a one-pass system.
We also look into the effect of parameter sharing across itera-
tions, the number of iterations, and the use of oracle source as
bias information on the separation performance. For the gener-
alized pipeline, we explore whether adding layer-wise training
objectives as in [21] helps the overall separation performance.
For the inference phase, we evaluate the models with up to 3
training iterations on up to 4 inference iterations to test their per-
formance on matched and mismatched training-inference con-
ditions. Our results show that the iterative separation pipeline
is a promising framework to reduce the storage requirements
of the model parameters without sacrificing the separation per-
formance, and more in-depth analysis and exploration is still
needed to further exploit its potentials.

The rest of the paper is organized as follows. Section 2
makes an overview on the standard pipeline of a generalized
iterative speech separation system. Section 3 introduces the ex-
periment configurations. Section 4 provides and analyzes the
experiment results. Section 5 concludes the paper.

2. Generalized Iterative Speech Separation
Pipelines

In this section we briefly overview three types of generalized it-
erative speech separation pipelines shown in Figure 1. We focus
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Figure 1: Standard pipelines for iterative speech separation networks. (A) The separation outputs at iteration i is used as auxiliary
inputs at iteration i+1. (B) An output layer is added to each layer in the network to generate intermediate separation outputs, and the
training objective is applied to each of them. (C) A single-input-multi-output (SIMO) separation module first separates the mixture into
either outputs or intermediate features, and K single-input-single-output (SISO) post-enhancement layers is further applied to each of
the outputs to generate the targets. (D) The combination of the three aforementioned pipelines.

our discussion on single-channel speech separation, although
multi-channel systems can also be represented in a similar way.

2.1. Standard iterative separation

Figure 1 (A) shows the most common pipeline for iterative sep-
aration. The mixture signal y, together with the separation
output from i-th iteration {sic}Cc=1, is passed to the (i + 1)-th
single-input-multi-output (SIMO) mapping H(i+1)(·) defined
by a neural network, to generate the separation outputs at the
(i + 1)-th iteration {si+1

c }Cc=1. For the first iteration, {s0c}Cc=1

are initialized as zero signals. The output permutation at the i-th
iteration is used as the input permutation at the (i+1)− th iter-
ation, and empirically we find that this can maintain the output
permutation across all iterations without affecting the separa-
tion performance.

There are two optional designs in this pipeline. First, the
model parameters across different iterations can be either shared
or different. This can be related to the general definition of time-
invariant and time-variant systems. Second, when performing
backpropagation, the gradient of the input to the (i+1)-th iter-

ation can either pass to the i-th iteration or be discarded. In the
latter case, each iteration can be viewed as an independent pro-
cess, and the output from the previous iteration can be treated
as additional bias information for data augmentation.

2.2. Layer-wise training objective as iterative separation

Figure 1 (B) shows a typical generalized iterative separation
pipeline where the training objective is applied to all the lay-
ers in the separator. For the k-th layer where K = 1, . . . ,K,
a shared output layer is applied to its output to generate inter-
mediate separation outputs {skc}Cc=1. The pipeline is defined as
a generalized iterative separation network because all layers in
the separator are directly optimized with the same training ob-
jective to minimize the discrepancy between the (intermediate)
separation outputs and the target sources, hence layer k with
k ≥ 2 can be treated as iterative separation layers receiving
separation outputs from layer k− 1. This is unlike the standard
pipeline where the training objective is only applied to the out-
put at layer K and the outputs at other layers do not have a clear
and explicit meaning.
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Table 1: Experiment results for different configurations in the iterative separation pipeline.

SIMO layers SISO layers Iteration Effective network depth Output detach SI-SDR (dB)
Time domain Freq domain

3 0
1 3 –

8.7 8.4
2 1 9.0 8.7
1 2 9.2 9.1

1 2 2 6
3 9.8 9.6
7 9.7 9.5

2 4 1 – 10.0 9.5

1 2 3 9
3 10.1 9.8
7 9.6 9.5

3 6 1 – 10.2 9.4

2.3. Pre-separation and post-enhancement as iterative sep-
aration

Figure 1 (C) shows the pipeline with a pre-separation module
and a post-enhancement module. The pre-separation module
receives the mixture as input and generates C outputs {Fc}Cc=1

for the C target sources. Note that {Fc}Cc=1 can either be inter-
mediate features or the estimated targets themselves. Each fea-
ture Fc is then passed to a post-enhancement module with K
SISO layers for output refinement, and the separation outputs
can be generated from either each SISO layer (i.e., layer-wise
objective) or the last SISO layer only. It is defined as a general-
ized iterative separation pipeline when the training objective is
applied to each of the post-enhancement layers. Moreover, the
training objective can also be applied to {Fc}Cc=1 when they
correspond to the separation outputs.

2.4. Combined pipeline for generalized iterative separation

Figure 1 (D) shows a combined pipeline for the three pipelines
above. The separation-enhancement pipeline is inserted into the
standard iterative pipeline, where the SISO enhancement layers
together with optional layer-wise objectives are jointly applied
together with the SIMO separation module. The outputs at the
k-th SISO enhancement layer at the (i+1)-th iteration become
{ŝi+1

k,c }
C
c=1.

3. Experiment Configurations
3.1. Dataset

We use the same dataset proposed in [28] where 20000, 5000,
and 3000 two-speaker mixtures were simulated in a noisy re-
verberant environment for training, validation, and evaluation,
respectively. All utterances were 4 second long and sampled at
16k Hz sample rate. The speech signals were randomly sampled
from the 100-hour Librispeech subset [29], and the noise sig-
nals were sampled from the 100 Nonspeech Corpus [30]. The
length and width of all the rooms were randomly sampled be-
tween 3 and 10 meters, and the height was randomly sampled
between 2.5 and 4 meters. The reverberation time (T60) was
randomly sampled between 0.1 and 0.5 seconds, and the corre-
sponding room impulse responses were simulated by the image
method [31] using the gpuRIR toolbox [32]. For other details
of the dataset, we encourage the readers to refer to [28]. We
only use the first channel in our experiments for single-channel
separation.

3.2. Model architectures

We use the combined pipeline in Figure 1 and follow the model
architecture in [27], where an encoder-separator-decoder design
is applied for the separation framework and the dual-path RNN

(DPRNN) [33] is selected as the basic building block. The sepa-
rator estimates a set of multiplicative masks applied to the mix-
ture’s encoder output, and we follow the typical configuration
where the masks are constrained to be nonnegative by a ReLU
function. We evaluate both time-domain and frequency-domain
models by selecting either learnable encoder and decoder or
short-time Fourier transform (STFT) and its inverse (ISTFT).
For STFT/ISTFT, we only use the magnitude spectrogram as the
input and use the mixture’s phase spectrogram for the ISTFT
of the separation outputs. The window size for the learnable
encoder/decoder and STFT/ISTFT is set to 2 ms (32 points)
and 32 ms (512 points), respectively. The number of filters
in the encoder and decoder for the learnable encoder/decoder
and STFT/ISTFT is set to 128 and 257, respectively. A linear
bottleneck layer with 64 hidden units is always applied to the
encoder output for dimension reduction. The number of hidden
units in each of the LSTM layers in the DPRNN modules is set
to 128. The segment size for DPRNN is set to 100 frames and
24 frames for the learnable encoder/decoder and STFT/ISTFT,
respectively.

3.3. Training and evaluation

All models are trained for 100 epochs with the Adam opti-
mizer [34]. The learning rate is initialized to 0.001 and de-
cayed by 0.98 for every two epochs. Gradient clipping by a
maximum gradient norm of 5 is always applied. Early stop-
ping is applied when no best validation model is found for 10
consecutive epochs. No other training tricks or regularization
techniques are applied. Negative signal-to-noise ratio (SNR)
together with permutation invariant training (PIT) [8] is used as
the training objective for all models, and the training target is
set to the reverberant clean signals. SI-SDR [35] is reported as
the evaluation of the signal quality.

4. Results and Discussions
Table 1 shows the experiment results of the models with dif-
ferent configurations. We assume that the model parameters are
shared across all iterations in the models. Each SIMO and SISO
layer corresponds to a DPRNN block, and 0 SISO layers means
that the output of the SIMO layers are the separation outputs.
We first notice that for both time-domain and frequency-domain
models, a deeper SISO module leads to better performance.
Since [27] already showed that a deep SISO module improves
the performance of time-domain networks, here we further con-
firm that frequency-domain networks can also benefit from this
configuration. For iterative networks with the number of itera-
tions larger than 1, we also compare them with one-pass mod-
els with a same effective network depth. The “output detach”
column corresponds to the configuration where the gradient is
constrained within each iteration (which can be implemented by
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detach function in Pytorch or stop gradient function in Tensor-
flow). We observe that for the 2-iteration configuration, both
time-domain and frequency-domain models have comparable
performance with their corresponding one-pass models. More-
over, detaching the gradient from the previous output leads to a
minor improvement. For the 3-iteration configuration, the im-
provement introduced by gradient detachment becomes more
salient, and the frequency-domain model even outperform the
one-pass counterpart. The results here show that the iterative
separation pipeline can serve as an effective way to reduce the
storage requirement of the separation networks.

Table 2: Effect of layer-wise training objective.

SIMO layers SISO layers Iteration SI-SDR (dB)
Time domain Freq domain

1 2 3 9.9 9.4
3 6 1 10.1 9.2

Table 2 provides the separation performance of the iterative
systems with layer-wise objective in Section 2.4. The output at
each SISO layer in each iteration is passed to the shared mask
estimation layer to generate the separated waveforms, and the
negative SNR objective is applied to all outputs in the entire
pipeline. We use the configuration where output detachment is
applied and parameters are shared across iterations. Comparing
the results with the ones in Table 1, layer-wise objective does
not further improve the performance in either one-pass or iter-
ative configurations. [21] and [22] reported that layer-wise ob-
jective leads to a performance improvement in both monaural
and binaural separation tasks, however here we observe that the
objective may not be a universal option and its effect can vary
in different problem settings and architectures. Since layer-wise
objective belongs to the definition of a generalized iterative sep-
aration pipeline in our discussion, the results also show that the
way the iterative separation is performed also needs to be care-
fully designed.

Table 3: Effect of iteration-specific SIMO modules with
STFT/ISTFT.

SIMO layers SISO layers Iteration SI-SDR (dB)

1 2 2 9.6
3 9.7

Table 3 presents the separation performance on the mod-
els with different parameters in different iterations with
STFT/ISTFT. We only evaluate the frequency-domain config-
uration. Here we use iteration-specific SIMO layers and still
share the SISO layers across iterations. The rationale behind
this configuration is that the additional bias information, i.e., the
separation outputs from the previous iteration, is directly used
by the SIMO separator, and the bias information differs from
iteration to iteration. Iteration-specific separator may then have
the potential to perform better separation based on the charac-
teristics of the separation outputs from each iteration. How-
ever, we find that the performance obtained by iteration-specific
SIMO layers is on par with that of shared SIMO layers. The re-
sults indicate that the use of iterative-specific model parameters,
or more general, time-variant model parameters when we treat
each iteration as a discrete time step, may require further inves-
tigation in the iterative separation pipelines.

Table 4 measures the effect of different inference iterations.
For the models trained with 1, 2, and 3 iterations with 1 SIMO

Table 4: Effect of different number of inference iterations and
oracle bias information.

Training Inference SI-SDR (dB)
iterations iterations Time Freq Freq + oracle bias

1

1 9.2 9.1 9.1
2 5.4 3.4 8.9
3 6.2 4.5 8.6
4 5.5 3.7 8.3

2

1 9.4 9.2 9.1
2 9.8 9.6 9.7
3 9.7 9.6 9.7
4 9.7 9.6 9.6

3

1 9.2 9.2 9.2
2 9.4 9.7 9.8
3 10.1 9.8 9.8
4 10.1 9.8 9.8

layer and 2 SISO layers, we evaluate their performance on the
inference phase with 1 to 4 iterations. This experiment is con-
ducted to look into the effect of a mismatched number of itera-
tions in the training and inference phases. We observe that the
model trained with 1 iteration completely fails when more than
1 iteration is applied in the inference phase, which is expected
since the bias information starting from the second iteration is
completely unseen for the SIMO separation. When the model
is trained for no fewer than 2 iterations, the inference phase per-
formance becomes stable even if the inference phase iteration is
larger than the training phase iteration. Moreover, we also eval-
uate the performance of the frequency-domain model when the
oracle bias information, i.e., the clean target sources, is used for
the SIMO module, and an auxiliary training objective is added
to the overall training objectives. We can see that adding this or-
acle bias information allows the model trained with 1 iteration
to perform much better in inference phase and does not harm
the performance of the models trained with 2 and 3 iterations.
However, no obvious performance improvement is achieved by
the auxiliary loss. How to further improve the separation per-
formance of those iterative models remains an important topic
to explore.

5. Conclusion

In this paper, we empirically evaluated the performance of var-
ious configurations in the generalized iterative speech separa-
tion pipeline. A generalized iterative speech separation pipeline
was defined as a model that performed multi-pass separation
where the separation outputs from a previous iteration can be
used as additional bias information for the next iteration. We de-
signed experiments on both time-domain and frequency-domain
networks with different hyperparameter configurations, and ob-
served that the iterative separation pipeline can be adopted as a
storage-efficient pipeline with fewer network parameters with-
out sacrificing the separation performance. We also found that
it required a better understanding and analysis on the intrinsic
mechanisms in the pipeline in order to further improve the sep-
aration performance and design better architectures.
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