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Abstract: Speech separation (SS) is widely used as a front-end to separate individual speech
signals from a speech mixture for robust multi-talker automatic speech recognition (ASR). How-
ever, the front-end SS processing introduces artifacts in recovered speech signals, leading to the
loss of information for off-the-shelf ASR models, resulting in lower ASR performance. In this work,
we propose an auxiliary training objective — a weighted-sum of scale-invariant signal-to-artifact
ratio (SI-SAR) and signal-to-noise ratio (SI-SNR) loss — which enforces the model to estimate
the recovered speech signals with fewer artifacts. We provide an in-depth analysis of its essential
behaviors from two perspectives: (1) it encourages the SS model to consider artifact errors in ad-
dition to noise and interference errors, thereby improving ASR performance on separated speech;
(2) it increases the similarity between the input speech and ASR training data, particularly when
a low-power signal-to-noise ratio of Gaussian white noise is added, further enhancing ASR per-
formance. Extensive experiments on the Libri2Mix dataset demonstrate the effectiveness of our
auxiliary loss. Notably, when using off-the-shelf ASR models, the proposed method achieves an
absolute word error rate (WER) of 4.46% and 12.36% on the mix clean and mix both test sets,
respectively. Furthermore, adding Gaussian white noise with a signal-to-noise ratio of 24dB to
estimated speech signals results in an absolute improvement in WER by 0.2% — 0.4%.

1 Introduction titioners must perform independent (re-)training of

individual SS or ASR modules, leading to higher com-

Current research in speech separation (SS) [1-5] has putational costs.

demonstrated impressive separation capabilities and To improve the modular speech processing system

has served as a front-end in many modular speech pro- performance, in this work, we propose the weighted-

cessing systems [6-8], from automatic meeting tran- sum of scale-invariant signal-to-artifact ratio (SI-SAR)

scription to conversational AI. These systems are of- and signal-to-noise ratio (SI-SNR) loss, employed on

ten modular and can thus leverage advancements with- the SS model as a regularized objective. It estimates

in their individual modules, thanks to the open-source the recovered speech signals with fewer artifacts and

availability [9-12] of state-of-the-art separation and minimizes the information loss between the front-end

speech foundation models (SFM) [13-18]. While mod- and ASR modules. We analyze its effect from the fol-

ular systems offer flexibility by processing the speech lowing two perspectives. First, it encourages the SS

in a cascaded manner, they suffer from information model to consider artifact errors in addition to noise

loss from each independent module, resulting in a and interference errors, thereby improving recovered

low automatic speech recognition (ASR) performance. speech intelligibility for ASR modules. Second, we

This ASR degradation is significant when front-end artificially include Gaussian white noise with specific

5SS models are deployed in diverse acoustic environ- signal-to-noise ratios (SNR) to mask artifacts intro-

ments and introduce unnatural distortions and arti- duced by SS and increase the similarity between the

facts in recovered speech [19-21]. To maintain high separated signals and ASR training data commonly

performance in various acoustic environments, prac- used to represent noisy real-world conditions.
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2 Related work

Several studies have addressed the challenge of in-
corporating SS models in modular speech processing
systems as a front-end to mitigate the effects of infor-
mation loss prior to ASR. These efforts can be broadly
categorized into two approaches:

(1) Joint (re-)training-based methods [22,23] which
involve jointly optimizing the SS and ASR objectives
to ensure the separated speech is better aligned with
the off-the-shelf SFM model [13-18]. This strategy
effectively improves recognition performance. How-
ever, it is not feasible to (re-)train the SFM model due
to the high training cost and the risk of performance
degradation on out-of-domain datasets when deployed
in different application scenarios or acoustic environ-
ments. In addition, joint (re-)training can reduce the
ASR module’s ability to handle distortions [24].

(2) Retraining-free methods directly optimize SS
models, often employing auxiliary losses [19] to mit-
igate the effects of distortion and artifacts in the re-
covered speech. A similar approach, involving an aux-
iliary “artifact-boosted” training loss [21], has been
found beneficial for SS models and has shown im-
proved ASR performance. However, in their multi-
talker scenario, the interfering speaker’s speech was
added to the mixture with lower signal power, which
Other methods
mitigate the ASR performance degradation due to

does not reflect true SS scenarios.

artifacts by using Monte Carlo-based feature estima-
tion [25,26]. However, they require multiple Monte
Carlo sampling processes, resulting in high computa-
tional costs.

3 Proposed Method

We first define speech mixtures and the metrics
used to evaluate SS and ASR performance in Sections
3.1-3.3. Then, we introduce our proposed SI-SAR
auxiliary loss, and noise adding in Sections 3.4-3.5.

3.1 Speech Mixtures

A time-domain mixture with J speakers can be
modeled as a vector x € R” for the mixture, vec-
tors si,89,....,8; € RT for the sources, and n € R”
for noise:

J
X = Zsj +n, (1)
j=1

where T is the number of samples in a given signal.

3.2 Speech Separation

The single-channel SS task aims to separate each
speaker into source signals 81,8, ...,8; € R”. In this
study, the noise in the original mixture, if any, is not
an output of SS.

To quantify the performance of the separated source
estimates, we use the blind source separation evalua-
tion metrics proposed by Vincent et al. [27]. In [27],
the estimated source signal for speaker index j, §;, is
described as:

S = Starget T €interf + €noise + Cartif; (2)
where Starget 1S the clean speech signal of speaker j.
Qualitatively, the error terms describe: ejpterf, the
residual speech of speakers that are not the target;
€noise, the residual noise that was present in the origi-
nal mixture; and e,tif, any other errors that were not
present in the original mixture.

To compute the error terms, let P , Ps, Ps, be
orthogonal projection matrices. Ps; projects onto the
subspaces of a given speaker, Pg projects onto the
subspace of all speakers present in the mixture, and
P » projects onto the subspace of all speakers present
including noise. Then, [27] defines the target source
signal and error terms as:

Starget ‘= Ps, 8, (3)
€intert = Ps8; — Pg§j, (4)
€noise ‘= PsnS; — PsSj, (5)
€artif ‘= 8; — PsnS;. (6)

Following those definitions, the metrics source-to-
noise ratio (SNR), source-to-distortion ratio (SDR),
sources-to-interferences ratio (SIR), and sources-to-
artifacts ratio are defined as:

= ||Starget + einteer2
SNR = 10log;, . : )
”enoiseH
2
SDR := 10log,, l|Starget || -

leintert + €ncise + Cartit]
2
SIR = 10logy, 15tz 9)
| @intext |
Starget + €intert + €noise||”
||eartif||2 .
Further, the scale-invariant versions of these met-
rics (SI-SNR, SI-SDR, SI-SIR, SI-SAR) proposed by
[28] yield the same ratio regardless of the vector mag-

SAR := 10log,, (10)

nitudes of the target and estimated speech. The SI-
SNR is commonly used as the loss function for train-
ing many SS models, including the SepFormer, which
is provided in the SpeechBrain toolkit [2,3,9,10].
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3.3 Automatic Speech Recognition

The ASR model converts input speech signals into
text sequences. ASR performance is typically evalu-
ated using word error rate (WER) based on the Lev-
enshtein distance [29]. In multi-talker scenarios with
overlapping speech, SS models are often used as a
front-end to separate overlapped speech signals be-
fore feeding them into the ASR model. Note that the
front-end SS models often introduce unnatural distor-
tions and artifacts, which degrade ASR performance.

3.4 SI-SAR Auxiliary Loss

To reduce artifact errors, we propose loss function
shown in Eq. (11) with permutation invariant training
(PIT) [30] which incorporates the SI-SAR with weight
A along with the SI-SNR.

L = [—A x SI-SAR(ref, est)]+

(11)
[(A —1) x SI-SNR(ref, est)].

In our experiments, we will empirically determine if
WER improves for weights A € {0,0.2,0.4,0.6,0.8}.

3.5 Noise Adding

To further mitigate the impact of artifacts, we also
investigate adding a small signal power of white noise
to the separated speech estimates. This is inspired by
a simple technique to mitigate artifacts in the Speech
Enhancement (SE) task which is Observation Adding
(OA) [19], where a small percentage of the original
noisy signal is added to the enhanced signal. For
the SS task, OA proves to be ineffective as the ASR
model recognizes the speakers that have been added
back in after being removed from the original mix-
ture. Despite this, adding a random Gaussian dis-
tributed white noise may improve ASR performance
by “filling-in” the artifacts caused by the separation
model, ultimately improving ASR performance.
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4 Experimental Setup

As shown in Figure 1, our separation-recognition
pipeline uses independently trained SS and ASR mod-
els. This method does not require fine-tuning the en-
tire pipeline, allowing for faster training, flexibility,
and modularity for existing ASR systems.

4.1 Dataset

In this study, we used the open-source LibriMix cor-
pus [31] for training and evaluating the separation
model. The dataset contains two and three-speaker
mixtures derived from LibriSpeech [32] utterances, so
we obtain the transcripts for WER evaluation from
LibriSpeech. For both two and three speaker mix-
tures, LibriMix has: two disjoint training sets (train-
100, train-360), one validation set (dev), and one
test set (test). In this paper, we create train-460
which is the union of the train-100 and train-360
datasets. Each dataset contains the following mixing
modes mix_clean mixtures with overlapping utter-
ances and no noise; mix_both, mixtures with overlap-
ping utterances and noise; and mix_single, mixtures
with a single utterance and noise.

4.2 Separation Model

For the separation task, we used the SepFormer [2,
3] implementation offered in the SpeechBrain toolkit
[9,10] as it is available open-source and allows for re-
producibility. Similar to most separation models, the
model architecture used in [2] consists of an encoder,
masking net, and decoder.

The encoder is a convolutional layer that outputs
a 2D STFT-like representation of the mixture signal.
The masking net estimates a mask for each speaker
to be separated from the STFT-like representation.
Finally, the decoder takes the masked 2D representa-
tions of each speaker and yields the separated audio
signals.

To reduce training time, we trained a set of five
SepFormer’s on the smaller Libri2Mix train-100 set
in min mode at 16kHz to determine the optimal .

Once the optimal A is determined, we will use it
to compare the WER of separated speech from the
default 100% SI-SNR SepFormer versus the proposed
training objective. However, this time the SepFormer
will be trained with the larger Libri2Mix train-460
set in max mode at 16kHz with noise from WHAM!
dataset [33].



# 1: Weighted SI-SNR and SI-SAR combination training results. Training data is specified above each set
of models. Evaluation was done with Libri2Mix wav16k/max/test/mix_clean set, which contains 3,000 two-

speaker mixtures with transcripts from LibriSpeech. Source separation metrics (SI-SNR, SI-SDR, SI-SIR,
SI-SAR) are in decibels (dB), higher is better. ASR metric (WER) is in percent, lower is better. These models
were trained for 100 epochs, with the same random seed, on A100 80GB GPUs for the smaller train-100
dataset, and H100 80GB GPUs for the larger train-460 dataset

- WER/]
System Training Loss SI-SNRtT  SI-SDRt SI-SIRt SI-SAR? RNN-T  Whisper

Training Data: Libri2Mix/wavi6k/min/train-100

A SI-SNR 18.15 18.16 52.67 18.22 8.35 7.85

B 0.2xSI-SAR+0.8xSI-SNR 18.33 18.25 53.13 18.30 7.38 7.32

C 0.4xSI-SAR+0.6xSI-SNR 17.66 17.59 51.63 17.65 9.12 7.94

D 0.6xSI-SAR+0.4xSI-SNR 17.84 17.77 52.00 17.83 8.69 7.56

E 0.8xSI-SAR+0.2xSI-SNR 18.23 18.15 52.64 18.19 7.64 7.22
Training Data: Libri2Mix/wav16k/max/train-460

F SI-SNR 20.43 20.43 58.15 20.44 4.49 5.35

G 0.2xSI-SAR+0.8xSI-SNR 20.11 20.10 57.51 20.11 4.46 5.30

72 2: Weighted SI-SNR and SI-SAR combination training results, similar to Table 1. Instead, models in this

table were trained with Libri2Mix/wav16k/max/train-460 including noise from WHAM!.

Evaluation was

performed with Libri2Mix wavi6k/max/test/mix_both and transcripts from LibriSpeech. Models were trained
for 100 epochs, with the same seed, on H100 80GB GPUs.

.. WER/J
System ‘ Training Loss ‘ SI-SNRt  SI-SDR? SI-SIRt SI-SAR? ‘ RNN-T  Whisper
H SI-SNR 13.29 13.29 54.83 13.30 12.48 10.40
I 0.2xSI-SAR+0.8xSI-SNR 13.45 13.45 55.03 13.46 12.36 10.43

The SepFormer model was trained using the loss
function defined in (11) with PIT. These models were
trained for 100 epochs, with the same random seed, on
NVIDIA A100 80GB GPUs for the smaller train-100
dataset, and NVIDIA H100 80GB GPUs for the larger
train-460 dataset. We used the fast_bss_evall [34]
toolkit to implement the loss function and evaluate
the separation results.

4.3 ASR Model

For the ASR task, we used a pre-trained Recurrent
Neural Network Transducer (RNN-T') [35] model from
ESPNet trained on 960 hours of utterances from the
LibriSpeech corpus. The baseline performance of this
ASR model is 3.05% WER on the test-clean set.

Further, to confirm that our proposed method im-
proves the separation-recognition performance for any
pre-trained ASR model, we also evaluated WER. per-
formance on OpenAl’s Whisper-Large-v3 ASR model
[13].

lhttps://github.com/fakufaku/fast_bss_eval

To solve the permutation problem of not know-
ing which separated speech estimate corresponds to
each speaker transcription, we computed the WER
of all combinations of separated speech estimates and
speaker transcriptions, then selected the lowest WER.

5 Experimental Results

5.1 SI-SAR Auxiliary Loss Results

As shown in Table 1, adding a percentage of SI-
SAR in the training objective can improve ASR per-
formance. In the cases where the ASR performance
is degraded (Systems C and D) we believe that the
weights off SI-SNR and SI-SAR were too equally di-
vided, so neither system could be fully optimized in
the same number of training epochs.

In our results with the RNN-T ASR model, we
see a relative improvement of 11.62% WER when we
use 20% of the SI-SAR auxiliary loss with the small

train-100 dataset. In the models trained on the
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SI-SNR only
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2: Spectrograms of the residual error obtained from the absolute difference of the ground truth and estimated

separated speech spectrograms. The magnitude is shown in decibels (dB), lower is better. The left image shows

the spectrogram residual of separated speech from a SepFormer trained with only SI-SNR loss (System F).
The right image shows the residual with 20% weighted SI-SAR loss (System G). The red outlines highlight the
artifacts that are more apparent when there is no SI-SAR loss, leading to degraded WER, performance.
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3: WER performance with varying signal-to-noise
power ratios of additive Gaussian white noise. The
horizontal axis is the signal-to-noise ratio, in dB, with
respect to the signal power of the separated speaker
estimate power to the Gaussian white noise.

larger train-460 dataset, we see a relative improve-
ment of 0.67% for the models trained without noise
(Table 1), and 0.96% relative improvement for the
models trained with noise in (Table 2).

We see a similar trend of WER improvement with
the 20% SI-SAR auxiliary loss when using the Whis-
per ASR model except in the case of models trained
with train-460 with noise. However, because Whis-
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per is not trained strictly for the LibriSpeech corpus,
it transcribes audio into words that are not identical
to the ground truth LibriSpeech transcriptions, even
though the output is semantically equivalent. For ex-
ample, the words “9000” and “NINE THOUSAND” are
different ways of transcribing the same spoken words.
In this case, Whisper outputs the former, whereas the
LibriSpeech ground truth expects the latter, and so
the WER is artificially degraded. At the moment,
this discrepancy is acceptable since we still observe a
WER improvement on average when the 20% SI-SAR
auxiliary loss is applied in separation training.

Figure 2 illustrates the effect of the SI-SAR auxil-
iary loss. By subtracting the ground truth spectro-
gram from the separated speech estimate, we observe
that the absolute value of the remaining artifacts are
more apparent when the separation model is trained
on SI-SNR only. In this utterance, using the SI-SAR
auxiliary loss yielded an absolute WER improvement
from 31.25% (left) to 18.75% (right).

5.2 Noise Adding Results

Figure 3 shows the effect of noise adding on ASR
performance. The orange and blue lines represent the
results with and without the proposed SI-SAR loss,
respectively. The dotted horizontal line indicates the
WER of the separated speech estimate without any
added noise. We see that when we add Gaussian white
noise with certain signal-to-noise ratios, it leads to



even lower WER; we observed an absolute improve-
ment of 0.26% WER (orange) and 0.45% WER (blue).
The best WER is achieved when the signal-to-noise
ratio is 24dB.

This can be explained by the noise increasing the
similarity between the input audio signal and the train-
ing set of ASR models. That is, the noise “fills in”
or masks some artifacts so the ASR model can rec-
ognize the separated speech better, especially if the
ASR model is trained on signals with noise.

Notably, the overall improvement achieved through
the introduction of the proposed SI-SAR loss is main-
tained even with noise adding, demonstrating the ro-
bustness of our proposed approach. Although the
WER at 24 dB slightly favors the model without SI-
SAR loss, the benefits of SI-SAR loss remain evident
across other conditions.

3% 3. Comparison of results from recent Multi-Talker
ASR studies and our proposed method. All values
are in % WER, lower is better. The sets test-clean
and test-both refer to the mix_clean and mix_both
mixture modes in the test set, respectively.

Libri2Mix
test-clean test-both
Fazel and Hsu [36] 7.8 -
Polok et al. [37] - 17.6
Meng et al. [38] 4.66 -
System G (Ours) 4.46 30.82
System I (Ours) 4.67 12.36

We also compare our results with recent works in-
volving Multi-Talker ASR using various architectures
on the Libri2Mix dataset in Table 3. Not only is
it clear that the SI-SAR auxiliary training loss suc-
cessfully mitigates artifact errors, but our results also
show that SS front-ends in cascaded systems can achieve
competitive Multi-Talker ASR performance.

6 Conclusion

In this paper, we investigated the use of an aux-
iliary loss, SI-SAR, for training a Transformer-based
speech separation model with the goal of improving
WER performance. Our experimental results showed
that a weighted sum of 80% SI-SNR and 20% SI-SAR
training objective achieves optimal WER performance
with a relative WER improvement of 11.62% with
separation models trained on small datasets, and up
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to 0.96% improvement with models trained on larger
datasets.

We also found that adding a low amount (24dB
SNR) of Gaussian white noise before the ASR step is
a simple way to improve the absolute WER by about
0.2% — 0.4% while maintaining improvements with
our proposed auxiliary loss.

In future studies, the effect of SI-SAR auxiliary loss
can be confirmed by applying it to other Transformer-
based separation models such as MossFormer [5,39].
Also, evaluating with more ASR models can further
support our findings, given that the output of the
ASR models are compatible with the ground truth
transcriptions.
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