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ABSTRACT

We introduce flexibility to the supervised learning-based speech en-
hancement framework to achieve scalable and efficient speech en-
hancement (SESE). To this end, SESE conducts a series of seg-
mented speech enhancement inference routines, each of which in-
crementally improves the result of its preceding inference. The for-
mulation is conceptually similar to cold diffusion, while we modify
the sampling process so each step benefits from an easier milestone
task rather than aggressively targeting the clean speech. In addi-
tion, the incremental enhancement steps are learned to recover the
residual between the adjacent milestones, thus improving the overall
enhancement performance. We show that the proposed method im-
proves the baseline supervised model’s performance, while it neces-
sitates fewer diffusion steps to achieve the comparable performance
with the more complex cold diffusion-based counterpart. Further-
more, SESE’s scalability can be useful in applications where mod-
erately suppressed non-speech interference is preferred to aggres-
sive enhancement results, e.g., boosting dialog in movie soundtracks,
speech enhancement on hearing aids, etc.

Index Terms— Speech enhancement, model compression, cold
diffusion, scalability

1. INTRODUCTION

Recent advancements in the speech enhancement (SE) research ben-
efited greatly from the innovations made in the deep neural net-
work (DNN) architectures, the models’ large capacity, and super-
vised learning done with a big training dataset. Numerous archi-
tectural innovations have been made in the literature, such as a bet-
ter consideration of complex values [1], introduction of the novel
gating mechanism [2], skip connections in the U-Net architecture
[3], generative adversarial networks [4], autoregressive models, i.e.,
WaveNet [5], and more. In addition to the structural innovation, an-
other predominant factor is the sheer complexity of the model that
enables quality approximation of the nonlinear mapping between the
noisy input signal and its clean version. Typically, such a large DNN
model requires millions of parameters to accurately approximate the
enhancement function, prohibiting its use in resource-constrained
environments. Finally, the large model requires a big labeled dataset
that represents the real-world acoustic scenes, such as the deep noise
suppression challenge dataset [6], LibriMix [7], etc.

More recently, model compression became an emerging topic to
reduce the SE models’ complexity. Pruning and low-bit quantiza-
tion have been popular approaches [8, 9, 10], including the single-
bit quantization scheme, i.e., binarization [11]. Structural alteration
is also popular in the speech separation literature, such as subband
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processing [12] and multi-resolution temporal features [13]. Finally,
personalization of single-talker SE models showed superior com-
pression performance [14, 15]. Yet, all these model compression
techniques are based on typical supervised learning pipeline. Once
trained, the SE model is “fixed.” Then, it performs SE in one shot,
i.e., by a single execution of the inference routine, in the test time.

We break down the one-shot inference process into a series of
less complex inference runs, each of which is sufficient to solve a
simpler sub-task. It can be seen as a process of gradually improving
the observed speech quality by relaying intermediate SE results from
one step to the next. A few such scalable systems have been pro-
posed in the source separation literature. Deep nonnegative matrix
factorization (NMF) [16] and deep unfolding network [17] proposed
unfolded iterative optimization methods, whose intermediate results
are used in the subsequent steps. They are scalable in that one can
control the model complexity by the number of repeated inferences.
Meanwhile, their loss measures the final unfolded result’s quality,
missing the milestone losses as we propose. Multi-view networks
[18] are another branch that can handle an unknown number of ob-
servation channels of an audio scene, while the scalability is defined
in terms of the channels rather than resource constraints. A more rel-
evant approach is the block-wise optimization for masking-based SE
networks, BLOOM-Net [19], which selectively uses a flexible num-
ber of ResNet-like blocks in its masking module for inference. How-
ever, once again, its optimization is missing the intermediate mile-
stone targets we are proposing in this paper, which turns out to be
useful. In addition, BLOOM-Net is designed for the masking-based
architectures, while we pursue an architecture-agnostic method.

In this paper, we propose a scalable and efficient speech en-
hancement (SESE) network. We formulate our problem similarly
to the cold diffusion (CD) framework [20], which recently showed
promising performance on the SE task [21]. In the CD for SE method
(CDSE), the SE process follows the deterministic sampling process,
whose job is to generate the clean speech from a frozen noise pattern
(i.e., the noisy speech input). Instead of employing the CD model
directly, we modify it (a) to tackle specific intermediate SE goals at
every step (b) to benefit from residual learning (c) to turn the pro-
cess into a more scalable and efficient SE process with no significant
performance degradation. To summarize,

¢ SESE achieves similar SE performances to the best CDSE vari-
ant, while using essentially 0.58% of CDSE’s effective computation.
¢ The intermediate results produced during the reverse diffusion
process are useful as they provide different levels of noise suppres-
sion, which can be useful when aggressive SE results are not neces-
sary (e.g., dialog boosting, music remixing, hearing aids, etc.)'.

* We employ the residual learning concept to offload the SE mod-
els’ burden, resulting in a better performance.

'Sound examples: https:/minjekim.com/research-projects/sese



2. BASELINE MODELS

2.1. Traditional SE models’ one-shot inference

We begin by illustrating how the traditional SE model works (Fig.
1a). The SE model as a function takes noisy speech as input, which
is a mixture of the target clean utterance s and an additive noise
source n: € = 8 + m. They are time-domain signals with N sam-
ples, i.e., they reside in the N-dimensional vector space. Hence, the
restoration function R(x) is learned to estimate the clean speech via
a single inference process: s ~ § < R(x).

To learn the potentially complex mapping function between var-
ious pairs of & and s, a large model architecture is commonly em-
ployed, which in turn increases R(x)’s computational complexity.

2.2. The Baseline Cold Diffusion Model for SE

The cold diffusion for SE (CDSE) method is based on a sophisticated
sampling algorithm that generates a clean signal from the noisy in-
put [21]. It differs from the other probabilistic diffusion methods in
that the diffusion process (and its inverse) works with deterministic
noise, which corresponds to the noisy speech utterance.

It is based on the two contradicting operations, degradation and
restoration. The degradation process D(-) is a continuous contam-
ination process whose severity is defined by ¢. In the SE context,
the degradation starts from the clean speech utterance when ¢ = 0,
i.e., 8 = xo, and increases its severity as ¢ increases, until it reaches
the maximum degradation at ¢ = 7T". CDSE defines an interpolation
function with the mixing ratio parameter c; as follows:

x; < D(x0,t) = Vouxo + V1 — arxr, )]

where « is the same cosine schedule as in [20, 21]:

0 B t/T+s =\
Q= m7 f(t) = coSs (ﬁ : 5) , §=0.008. (2)

The deterministic noise is defined by the observed noisy speech
in the SE context, i.e., xr = s + n, where ar = 0.

Conversely, a parametric restoration function R(-), e.g., a DNN,
is trained to convert a given contaminated speech x; at any severity
level ¢ back to the clean speech utterance xo as best as it can:

s =xo & Lo <+ R(xe,t), 3)

where R(-) now takes the severity level ¢ as conditioning input to
inform the model of the required amount of restoration, while the
earlier one-shot SE function does not need this conditioning input.

CDSE’s sampling process refines the SE result by perform-
ing multiple back-and-forth runs of the degradation and restoration
processes, as illustrated in Fig. 1b. First, the restoration function
R(xr,T) takes the most noisy utterance @7 as input and recovers
the clean speech. The initial result o may not be optimal, i.e., a
compromised solution. Then, the degradation function estimates the
second-most noisy degradation &7 _;. It is only an indirect estima-
tion of &7 _1, as the result deterministically relies on the quality of
the first estimation of the clean speech &o. This concludes a pair
of restoration and degradation runs. In the next step at 7" — 1, the
restoration begins with the estimated intermediate degradation &1
to recover a potentially better &o. Then, the full iterative sampling
process can be written: &9 < R(--- D(R(zr,T),T —1),---,1).

In practice, a more sophisticated degradation function replaces
(1) to improve the stability of the model,
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(b) The sampling process of a CD model that iteratively calls restoration
R(, t) and degradation D(&o, ¢ — 1) operations. In practice, an improved
degradation function eq. (1) is used.
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(c) The proposed SESE’s sampling method with modified cold diffusion. It
runs a series of step-wise dedicated models R(*) (&¢) to gradually convert
the most noisy input 7 into its less noisy versions &7, which work as
intermediate milestone targets of the gradual enhancement process.

Fig. 1: Inference of the traditional SE, CDSE, and SESE models.

In addition, the CDSE method proposes a more robust “unfolded”
training method that encompasses degradations stemmed from both
the clean speech x( and its reconstruction & as opposed to the orig-
inal CD’s training algorithm that only uses the former.

The main issues in the traditional one-shot inference and CDSE
that we try to overcome in the proposed models are as follows:

* CDSE outperforms the traditional SE baseline. Furthermore, as
in universal SE [22] and the score-based generative models [23],
CDSE requires relatively fewer diffusion steps than the other diffu-
sion models for SE [24, 25]. However, the complexity still linearly
increases by the number of iterations (up to 50). A model with even
fewer iterations is beneficial. The proposed SESE method reduces
the number of steps down to 5 or 10 at no cost of performance drop.

* In CDSE, the same restoration model R(-) is supposed to handle
all the different levels of degradations, conditioned on the degrada-
tion level ¢t. Consequently, a large model is suitable for the maxi-
mum generalization power. SESE employs 17 times smaller models
for each iteration, again with no performance drop.

* The advanced unfolding method for CDSE’s training closes the
gap, yet the degradation process does not directly aim at the orig-
inal degradation x;, once it stems from an estimated clean speech
o, not the ground truth &o. We postulate a more accurate recon-
struction of the intermediate degradations is important for the sam-
pling process to stay in the right course of denoising path, i.e., the
interpolation line between xo and 7. SESE tackles this issue by
employing milestone goals .

3. THE PROPOSED MODELS

3.1. The Proposed Scalable and Efficient Speech Enhancement

Starting from the input noisy utterance @7, the proposed SESE
model directly estimates [xr_1,...,x0], ie, the intermediate
degradations, during its iterative SE process. To this end, we break



down the traditional SE model’s restoration function R(-) into a
series of severity-specific models that run one after another:

xo ~ &0 + R(xr) = RY o R®o... RT Vo R (zr), (5)
where each R™ () achieves the ¢-th milestone enhancement goal,
Ty ~ ii:tfl < R(t) (il!t) (6)

Our assumption is that the difference between the adjacent
degradations x; and x;_1 is smaller, thus easier to learn than a big-
ger jump from @; to o that the CDSE has to handle, not to mention
the traditional SE model’s biggest leap o ~ R(xr) (Fig. 1a). The
assumption leads us to our main efficiency-related argument that
small models suffice to learn these simpler SE problems. In our
experiments we employ a 17 times smaller model architecture for
each of the incremental models R (-) than the default model R(-)
CDSE uses, or 11 times smaller than the one-shot SE model.

An issue with the proposed chain of SESE operations is the
propagation of the reconstruction error. As a remedy, we employ
a two-step training method that first pretrains the models on the
ground-truth degradations as the input and target of the models, and
then finetunes them using estimated degradations as the input, with
their corresponding loss functions, Lpr and Lr, respectively:

T—1
Lov=>_ L%, where L&) = D(a:] R (@101)), (D)
t=0

T—-1
Lir =Y L8, where £{7 = D(z:[|[R" (@141)),  (8)
t=0

with a choice of error metric, D(+).

3.2. Residual Learning with SESE (ResSESE)

A variation can further improve SESE’s enhancement performance
by learning the residual between degradations. Our main efficiency
argument comes from the premise that the difference of adjacent de-
garadations x+ and @1 is smooth enough for small models to learn.
Hence, we can also assume that their difference, or residual, requires
even less modeling effort as shown in [26]. The restoration function,

Ti_1 R By R(t)(fﬂt) + x4, )

now essentially estimates the difference &1 — @ rather than try-
ing to estimate x;_; directly. Our experiments in Sec. 4 show that
the residual learning version of SESE (ResSESE) improves the plain
SESE models that use eq. (6). Note that the loss functions eq. (7)
and (8) need to be adjusted accordingly, i.e., D (x¢ [|REFD (yp1) +
wt+1) and 'D(thR(tJrl)(iprl) + iiitJrl).

4. EXPERIMENTS

4.1. Experimental Setup

We follow the experimental setup provided in the CDSE paper,
which is based on the VoiceBank+DEMAND dataset [27], where 30
speakers and 10 noise sources are mixed up at four signal-to-noise
ratio (SNR) settings [0, 5, 10, 15] dB for training. Two speakers are
set aside for testing, whose mixture SNRs are [2.5,7.5,12.5,17.5]
dB. Out of DiffWave [28] and deep complex convolution recur-
rent network (DCCRN) [1] baselines, we chose the latter due to its
superior performance reported in the CDSE paper.

Model Architecture: We inherit DCCRN’s “CL” variation, which
has [16, 32, 64, 128, 256, 256] kernels in its convolutional-layer en-
coder and 256 hidden units in its two LSTM layers. We call this
baseline architecture DCCRN-L-BL. Meanwhile, CDSE’s severity
conditioning module introduces additional complexity, which we de-
note DCCRN-L-CDSE. To prove our model compression argument,
SESE uses a smaller architecture DCCRN-S with [32, 64, 64, 64, 64]
convolutional kernels and 64 LSTM units. Their numbers of train-
able parameters are reported in Table 1.

Systems in Comparison: We compare the proposed SESE and
ResSESE models to the baseline DCCRN’s performance as well as
its CDSE variants. We append SESE, ResSESE, BL, and CDSE to
the model architecture’s code name, respectively. Table 1 summa-
rizes those models, where * indicates the models’ original perfor-
mance reported in the literature.

The Training Configuration: We follow the training recipe pro-
vided in [21] with the following variation. A randomly chosen 1
second-long segments with a sample rate of 16 kHz are used to form
batches during training. The learning rate of Adam optimizer [29]
is 1 x 107 for pretraining and 1 x 10™* for finetuning. The loss
function D(-) is defined with the negative scale-dependent signal-
to-noise ratio (SDSNR) [30], which gives the best validation per-
formance than other candidates. Validation is performed on two
selected training speakers (p282 and p287) via the wide-band per-
ceptual evaluation of speech quality (PESQ) metric.

Evaluation Criteria: Following [21], the models’ performance on
the test signals (of speaker p232 and p257) is measured using PESQ
and other objective metrics that simulate mean opinion scores, i.e.,
prediction of the signal distortion (CSIG), prediction of the back-
ground intrusiveness (CBAK), and prediction of the overall speech
quality (COVL). In addition, for an in-depth analysis of the in-
termediate SE results of the proposed models, we also report the
BSS_EVAL scores, source-to-distortion, source-to-interference, and
source-to-artifact ratios (SDR, SIR, and SAR, respectively) [31].

4.2. Experimental Results and Discussion

The Baseline Models: Table 1 reports the test-time performance of
the systems in comparison. First, we see that the baseline DCCRN
model exhibits a performance drop when smaller architecture is used
(DCCRN-L-BL vs. DCCRN-S-BL). For a fairer comparison, we also
present the original performance reported in [1] (DCCRN-L-BL™)
whose PESQ value is slightly worse than our trained model, while
its CSIG, CBAK, and COVL scores are slightly better.

The CDSE Models: The two CDSE models (DCCRN-L-CDSE*
and DiffWave-CDSE™) improve the baseline as reported in [21], es-
pecially when the maximum 7 = T" = 50 steps are fully applied.
Here, 7 denotes the number of actual reverse diffusion steps ap-
plied. DiffWave-CDSE™’s suboptimal performance at 7 = 1 jus-
tifies the necessity of more sampling steps for a better SE perfor-
mance. We use the notion of effective complexity to describe the
run-time complexity of the model, which counts the total number
of parameters involved in when an iterative model goes through re-
peated inferences by 7 times. As for DCCRN-L-CDSE", it goes up
to 7 X 5.6 M = 280M. Hence, compared to the DCCRN-L-BL’s
3.7M parameters that are involved only once, CDSE’s test-time in-
ference is considered much more computationally complex.

The Proposed SESE Models: When a relatively short diffusion pro-
cess is used (7 = T = 5), we see that the DCCRN-S-SESE vari-
ation starts to outperform the DCCRN-S-BL. In comparison to the
larger baselines, it outperforms our own trained version DCCRN-
L-BL, while DCCRN-L-BL*’s COVL is still slightly better. Al-



System T | - | PESQ | CSIG CBAK COVL || SDR SR SAR || Trainable | Effective | Compression
Params. Complexity Ratio
Unprocessed | - -] 197 | 337 2.45 265 || 866  8.66 Inf. || - - -
DCCRN-L-BL* [1] Sl - 259 371 323 313 - - - 3.7M 3.7M 1.32%
DCCRN-L-BL Sl o 264 | 345 332 303 | 2053 2610 22.17 3.7M 3.7M 1.32%
DCCRN-S-BL | | 261 338 330 298 | 2058 2591 22.40 0.3M 0.3M 0.12%
DCCRN-L-CDSE* [21] | 50 | 50 | 277 | 391 332  3.33 - - - 5.6M | 50 x 5.6M 100.00%
DiffWave-CDSE* [21] | 50 | 50 | 2.60 | 379 321  3.19 - - - 2.3M | 50 x 2.3M 41.07%
DiffWave-CDSE* [21] | 50 | 1 | 250 | 359 321  3.04 - - - 2.3M 2.3M 0.82%
DCCRN-S-SESE S| 5| 260| 354 338 311 || 2150 27.06 23.09 || 5x0.3M | 5x0.3M 0.58%
DCCRN-S-SESE S| 1| 206| 345 264 273 || 1225 1248 2653 0.3M 0.3M 0.12%
DCCRN-S-SESE 10] 10| 273 | 393 341 332 || 21.89 28.60 23.08 || 10 x 0.3M | 10 x 0.3M 1.16%
DCCRN-S-SESE 10| 1] 1.97] 334 258 263 || 1205 1229 2604 0.3M 0.3M 0.12%
DCCRN-S-ResSESE | S| 5| 273 | 396 334 333 | 1984 2303 2316 | 5x0.3M | 5x0.3M 0.58%
DCCRN-S-ResSESE | 5| 1| 220| 359 240 287 || 1212 1220 31.14 0.3M 0.3M 0.12%
DCCRN-S-ResSESE | 10 | 10 | 274 | 3.95 338 333 || 2056 2432 2331 || 10 x 0.3M | 10 x 0.3M 1.16%
DCCRN-S-ResSESE | 10 | 1| 211 | 349 237 277 || 1122 1126 33.93 0.3M 0.3M 0.12%
DCCRN-S-ResSESE | 20 | 20 | 272 | 3.89 338 329 || 2111 2581 23.15 || 20 x 0.3M | 20 x 0.3M | 2.33%

Table 1: Summary of the test-time SE results of systems in comparison.

though the short diffusion process’s effective complexity must take
into account the five steps 7 = 5, DCCRN-S-SESE’s building-
block architecture is very small (0.326M), thus guaranteeing a cer-
tain level of compression compared to DCCRN-L-BL (3.7M vs.
1.63M). When T and 7 increase to 10, we see the performance
surely improves the large DCCRN baselines in all metrics. Com-
pared to DCCRN-L-CDSE™, CSIG and CBAK is better, while PESQ
and COVL are only slightly worse. This 7 =10 version of SESE uses
325,579 x 10 = 3.26 M effective parameters, which is still much
smaller than DCCRN-L-CDSE™’s 280M parameters, showcasing a
significant 1.16% of compression ratio.

The Proposed ResSESE Models: Residual learning introduces ad-
ditional performance improvement to SESE, free of computational
cost. DCCRN-S-ResSESE outperforms DCCRN-S-SESE when
7 =T = 5, competing with SESE’s 7 = T" = 10 variation and
DCCRN-L-CDSE™’s 7 =T =50 version. However, the gain coming
from the residual learning saturates when 7 =7 = 10. If DCCRN-
S-ResSESE uses 7 = b5 steps, its effective model parameters are
1.63M, which is only 0.58% of DCCRN-L-CDSE™*’s 280M param-
eters. Since these two models’ performances are similar, 0.58% is
the best compression ratio achieved by our proposed models.

Analysis of the Intermediate Results: We claim that the proposed
SESE and ResSESE models produce useful intermediate solutions
for some applications. The one-shot SE model or the CDSE mod-
els aim at the clean speech target whenever the restoration function
R(-) is called, regardless of the severity level t. Conversely, SESE or
ResSESE’s intermediate results & are trained to approximate their
corresponding ground-truth x:. We use x: as our milestone goals
by varying ¢ from 7" — 1 to 0, i.e., by gradually attenuating the con-
tribution of the noise in the target mixture. Our hypothesis is that by
targeting these milestone goals the restoration function R® (+) can
refrain from performing too aggressive denoising, which can lead to
perceptually suboptimal results, e.g., bleeding of the speech compo-
nent (i.e., noise oversuppression), introduction of artifacts, etc. We
observe that SESE and ResSESE’s CSIG values at 7 =1 are gener-
ally less deteriorated than the other metrics, implying the sustained
speech quality in those compromised solutions. Another interesting
observation is that the ResSESE models’ 7 = 1 results are signifi-

cantly better than the corresponding SESE models’, showcasing the
importance of the residual learning in the early stage of the reverse
diffusion process. Although the BSS_EVAL metrics should only re-
flect a trend as the models’ validation for early stopping was based
on PESQ, the trend in the SAR values is similar: The SAR values
of the 7 = 1 reconstructions are very high, meaning the level of ar-
tifacts contained in the restored speech is low. Hence, the overall
distortion computed in the SDR values are largely correlated with
SIR, i.e., whether the noise sources are sufficiently suppressed. Like-
wise, SESE and ResSESE can choose to provide moderate SE results
when necessary, e.g., a mild volume adjustment of the speech source
is sufficient for the application. It is also a cost-saving compromise
as 7 is small.

Failure Modes: SESE requires more trainable parameters as 7
grows, because it consists of 7 individual models rather than sharing
a big model at all ¢ stages as in CDSE. This could make optimization
more difficult, as shown in Table 1’s last row, where the 7 = 20
results are saturated. Reusing a model in multiple steps (not in all
steps though) could be a potential solution. In addition, since cold
diffusion uses deterministic noise, its generation power is limited.
As a result, SESE might not explore creative solutions, which other
generative models are expected to do.

5. CONCLUSION

We proposed a scalable and efficient speech enhancement (SESE)
framework, which employs a series of small DNN models that learn
to achieve easier milestone goals, i.e., the interpolation between
the clean and noisy utterances. We showed that SESE can learn
to perform incremental speech enhancement in contrast to the cold
diffusion-based speech enhancement model that has to employ a
large DNN model to approximate the final clean speech target at
every step. With the help of residual learning, the proposed method
provided low-artifact intermediate results that stay in the smooth
enhancement path, while the end result is on par with its 172 times
more complex cold diffusion method’s. In the future, we will verify
that the proposed method extends to other model architectures.
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