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Abstract

In the burgeoning field of speech enhancement, the quest for
high-performing deep neural networks(DNNSs) often grapples
with the challenge of increased computational demand and
model size. This study unveils a novel structured pruning
method that optimizes model via Dependency Graph, achieving
automatic dimension reduction of network layers without man-
ual settings of pruning ratios—a milestone not previously ac-
complished. Additionally, we propose a regularized loss strat-
egy that adapts to variable scale sparsity, enhancing compres-
sion efficiency. Through extensive experiments, we demon-
strate our method’s ability to achieve substantial reductions in
model size and computational costs while maintaining perfor-
mance. Notably, Our findings also question the utility of group-
ing trick in linear layers, suggesting it may impede effective
pruning. This research not only propels forward the capabilities
of speech enhancement DNN compression, but also enriches the
discourse on pruning methodology.

Index Terms: model compression, speech enhancement, struc-
tured pruning, reguarized loss
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1. Introduction

Speech Enhancement (SE) aims to improve the clarity of target
speech by attenuating background noise. Traditionally viewed
through the lens of supervised learning[ 1], SE algorithms distin-
guish between noise and speech samples, generating masks that
are applied to noisy audio in either the time domain [2], [3], [4],
the time-frequency domain [5], [6], [7], or both [8], [9]. The ad-
vent of deep learning has significantly advanced SE, with deep
learning based(DL-based) methods surpassing traditional signal
processing techniques such as WebRTC Noise Suppression[10]
in performance. However, the quest for superior performance
has led to increased computational demands and larger model
sizes, posing deployment challenges on edge devices like smart-
phones and hearing aids. Consequently, model compression
technologies have emerged, serving as a critical link between
academic research and practical engineering solutions.

Model compression techniques can be mainly catego-
rized into size reduction and network quantization. Size
reduction techniques like knowledge distillation[11], model
pruning[12], and channel splitting[13] reduce model size, while
network quantization increases computational efficiency by us-
ing fixed-point arithmetic[14]. This paper focuses on struc-
tured pruning[15], a size reduction strategy that eliminates re-
dundancy at the column level in weight matrices, enhancing
hardware acceleration compatibility. Substantial improvement
reaches in recent studies. Tan et al.[16] developed a comprehen-
sive model compression framework, integrating sparsity train-
ing, pruning, and quantization. Fang et al.’s DepGraph(DG)[17]
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algorithm automates pruning by generating dependency graph-
based channel mappings. Chee et al.[18] optimized U-Net[19]
by manually adjusting layer-specific pruning ratios, enhancing
inference speed by seven times. However, two challenges re-
main: (1) conventional pruning techniques often focus on the
concept of ‘unreal’ pruning that zeroing out weights without
physically removing them, reducing model size but not compu-
tational load; (2) a uniform pruning ratio is always set across
whole model and determined manually, potentially overlooking
optimization opportunities. Addressing these issues, we intro-
duce a novel structured pruning method that automatically iden-
tifies optimal pruning ratios for individual layers, improving
model compression efficiency and overcoming the limitations
of previous approaches. Our contributions are summarized as
follows:

* Combine the automated nature of dependency graph gener-
ation and weight sensitivity analysis to achieve an effective
structured pruning method for DL-based speech enhance-
ment that enables actual dimension reduction of network lay-
ers without manual settings of pruning ratio, significantly
compressing model size while keeping quality.

* Propose a innovative regularized loss combination that lever-
ages DG to promote sparsity across a spectrum of scales
within the weight matrix, from the finest (individual weights)
to broader scales (channel-coupled weight groups), which
leading to higher compression ratio of model.

» Raise doubts about the rationality of the widely-used group-
ing strategy[20] on the linear layer and the empirical analysis
reveals that models subjected to grouping may exhibit lower
pruning efficiencies and, in some cases, underperform com-
pared to their non-grouped counterparts after pruning.

The rest of this paper is organized as follows. In Section
2, we describe our proposed approach in detail. In Section 3,
we provide the experimental setup and depict the basic model
to be pruned. Experimental results are presented and analyzed
in Section 4. Section 5 concludes this paper.

2. Automated Structured Pruning Method
2.1. Overall Pruning Procedure

The proposed pruning methodology unfolds in four distinct
phases as depicted in Figure 1: First, the dependency graph of
model is generated to separate channel-coupled parameters de-
tailed in section 2.2; Second, the model is initially trained with a
specially designed regularized loss combination which is elab-
orated upon in Section 2.3; Third, the model undergoes pruning
which is facilitated by an automatic search for compression ra-
tio detailed in section 2.4; In the final phase, the pruned model
is subject to fine-tuning, utilizing the same training setup but
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Figure 1: Overall Pruning Procedure.

excluding the decayed weights from the regularized loss com-
ponent. The cycle of pruning and fine-tuning is considered a
complete iteration of the pruning process and we repeat this it-
eration until meeting the criterion of early stopping that the re-
duction in the number of dimensions across the model becomes
negligible after a iteration (P < Pmin) or the maximum allotted
number of pruning iterations is reached(l, > Imax). Pmin and
Imax are set to 3 and 5, respectively.

2.2. Dependency Graph

DepGraph(DG)[17], or Dependency Graph, presents a novel
method for understanding neural network structure through a
dependency graph. This approach represents each network
layer as a node and their interdependencies as edges, focus-
ing on the impact of parameter pruning across layers. The
graph is generated automatically by examining the architec-
ture and data flow of the network. With this graph, DepGraph
aligns the input and output channels of interconnected layers
to ensure that pruning uniformly impacts channel-coupled pa-
rameters, thus maintaining the network’s operational integrity.
Despite its potential, DG struggles with layers involving di-
rect dimensional adjustments such as permutation, flattening,
or reshaping. These activities can result in output dimension
mismatches during pruning, limiting applying DG on intricate
models. Nonetheless, the ongoing development of DG’s open-
source code[21] continues to address these challenges.

2.3. Regularized Loss Strategies Based on DepGraph

For clarity, we define three grains of weight tensor that w means
a signle weight, ¢ means a column of the weight matrix and g
means channel-coupled weights separated and packed by DG,
identified by weights sharing the same color in Figure 1. A
reguarized loss £, based on DG in the form of lasso penalty
[22] is introduced for the g level sparsity, which can be formu-
lated as:

1
Ls = 16y > n(pe)llgll2 6))
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where G is the set of all groups of channel-coupled weights and
n(-) is the counting function. || - || calculates the > norm of
tensor. with L, all weights within a channel group are simul-
taneously prompted either to be zero or not. Furthermore, the
regularized loss in [16]:

ESGL = )\w['w + )\c[fc (2)
© A ST el @)
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is introduced which further emphasizes sparsity on w and ¢
scale in non-sparsity channel groups. Therefore, The proposed
strategy of regularized loss is

Ls = Lw +AcLec+ ALy “

where A, Ac and Ay are the hyperparameter factor of each loss,
respectively. Then Lg is integrated with the multi-target loss
Ly in [23] to train model:

Lirain = aLlyr + BLs (©)

where o and 3 are the predefined factor. Lirain guides the
model towards enhanced performance while imposing sparsity
across three levels of granularity which facilitates pruning. It
should be noted that L£g decays in fine-tuning process and the
corresponding loss L¢ can be revised as:

Ly = alyr + 67" Ls (6)

where v € [0, 1] means the decaying factor and n;; denotes the
sequence number of iterations.

2.4. Structured Pruning with Automatic Pruning Ratio Al-
location Among Layers

DG plays a pivotal role in facilitating precise channel map-
ping across individual layers, thereby enabling ‘real’ sturctured
pruning, i.e. actual channel reduction. However, an important
challenge persists: the determination of pruning ratio. This



Table 1: The Evaluation of models with Variable Compression Methods. ‘-p’ represents pruning.

Model Para/M MACs/M PESQ STOI SISNR CBAK CSIG COVL
noisy - - 1.97  0.920 8.42 2.44 3.34 2.63
DF2 2.00 219 2.51 0.922 14.0 3.00 3.40 2.93
DF2-p 0.70 77.8 2.53  0.922 14.3 3.05 3.40 2.93

Algorithm 1 Automatic Pruning Ratio Search

Input: (1) trained model M;; (2) dependency graph DG of M;;
(3) validation set V;
Qutput: pruning ratio o; for layer [ in M
1: for each layer [ in M, do
2:  Generate channel-grouped weights G; based on DG and

set 0 = 0%.
3:  while o0 < 95% do
4: Caculate I; norms of g € G; and find out the o part of
G; with the smallest {; norms as P;;
5: Derive pruned weights G,, and pruned model M, by
pruning P; from G;;
6: Caculate Dloss = ‘Ctrain(v | Mp) - Etrain (V ‘ Mt);
7: if Djoss > Thp then
8: break;
9: else
10: o=0+5%;
11: end if
12:  end while
13:  Recover G,, M}, to original G;, M.
14:  Return o, for layer [.
15: end for

issue is identified as a critical bottleneck in model compres-
sion efforts, as underscored in [18]. Drawing inspiration from
the automated nature of the sensitivity analysis in [16], we in-
troduce a novel methodology for automating the compression
ratio search specially tailored for ’real’ pruning, which can
be depicted in Algorithm 1. The algorithm outlines an itera-
tive approach to find the optimal pruning ratio for each layer
in a trained deep neural network model. It leverages DG to
guide the pruning process and iteratively tests different prun-
ing ratios until an acceptable change in loss is observed, ensur-
ing minimal impact on the model’s performance. Lirain(V |
M,) indicates evaluation with loss Lirain and The difference
threshold Thp is fixed to 0.1 in the subsequent experiments.
The implementaion of the proposed algorithm can be found in
https://github.com/zzgnb/Automated-Pruning/.

3. Experimental Setup
3.1. the Choice of Baseline

We selected DeepFilterNet2(DF2)[23] as the base model for
pruning experiments due to its outstanding speech enhance-
ment capabilities and relatively complex benchmark archi-
tectures like U-net, Codecs and CRN[24] in the lightweight
DL-based SE area. The network topology of DF2, incor-
porating Fully Connected Layer (FCL), Convolutional Layer
(Conv), and Gated Recurrent Unit (GRU), spans a broad
spectrum of model designs such as DCCRN[6], Rnnoise[25],
PercepNet[26], NSNet2[27], etc. We adapted the open-source
DF2, making negligible changes for enhanced pruning, includ-
ing splitting the original two-layer GRU into two single-layer
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units and canceling separation trick in Convs. The choice of
DF2 was further motivated by its varied linear layers, a feature
that is critically examined in Section 4.3. For training and fine-
tuning, we set Ay, Ac, and Ay in Equation 4 to lel, 2e-2, and
le-5, and «, 3, and ~ in Equation 6 to 1, 1, and 0.9, respec-
tively. The pruning of layers colored grey in Figure 2 is skipped
because of the following direct dimensional operations.
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Figure 2: The Architecture of DeepFilterNet2(DF2).

3.2. Datasets

The model is trained and fine-tuned with identical dataset in
[23]. For the evaluation phase, we leveraged the VoiceBank-
Demand dataset[28]. This dataset is comprised of recordings
from 28 native English speakers, presented across four distinct
signal-to-noise ratios (SNRs) of 15, 10, 5, and 0 dB, culminat-
ing in a total of 11,572 utterances, all of which are sampled
at 48KHz. Further details regarding the dataset’s structure and
characteristics can be found in the cited original publication.

3.3. Evaluation Metrics

We employ a suite of eight distinct metrics, embrac-
ing DNSMOS P.835[29] composed of Speech Distor-
tion(SIG), Intrusiveness of Background Noise(BAK) and
Overall Processed Speech Quality(OVL), Perceptual Evalu-
ation of Speech Quality(PESQ)[30], Short-Time Objective
Intelligibility(STOI)[31] and Scale Invariant Signal-to-Noise
Ratio(SISNR)[32]. Notably, audio samples are resampled to
16KHz specifically for PESQ test. The Multiply Accumulate
Operations (MACs) and the total number of parameters are ap-
plied to evaluate the computational cost and model size.

4. Experiments and Results
4.1. Optimization in Pruning Efficiency

The evaluation results, as captured in Table 1, underscore the
efficacy of our proposed pruning method. The pruned version
of DeepFilterNet2 (DF2) showcases a remarkable reduction in
computational cost by 64.5% and model size by 65.0%, with
negligible impact on its performance capabilities. Further in-
sights provided in Table 4 reveal the nuanced adjustments in the
dimensions of pruned layers, illustrating the method’s ability to



Table 2: The Evaluation of Models With Variable Sparsity. DF2-p(-Sorg) represents the DF2 trained with original loss(Equation 2),

which is the same as DF2-p in table 1.
training without sparsity.

—Snew represents training with the proposed integrated loss(Equation 4) while

—Shon denotes

Model Para/M MACs/M PESQ STOI SISNR CBAK CSIG COVL
DF2 2.00 219 2.51 0.922 14.0 3.00 3.40 2.93
DF2-p-Spnon 0.93 103 2.54  0.922 14.2 3.03 3.44 2.97
DF2-p(-Sorg) 0.70 7.8 2.53 0.922 14.3 3.05 3.40 2.93
DF2-p-Snew 0.68 76.0 2.52 0.922 14.6 3.04 3.40 2.93

Table 3: The Evaluation of Models With Variable Group Numbers. -ng indicates the number of groups for FCL in the model and (CR)

denotes compression ratio.

Model oPara—pPara/M (CR) oMACs—pMACs/M (CR) PESQ STOI SISNR CBAK CSIG COVL
DF2-p 2.00 = 0.70 35.0% 219 — 77.8 35.5% 253 0922 143  3.05 340 293
DF2-2gp  1.88 —0.85 45.2% 207 — 943 45.6% 254 0924 149  3.07 328  2.88
DF2-4gp  1.83 — 0.81 44.3% 201 — 92.7 46.1% 254 0923 150 3.0 335 292
DF2-8gp  1.80 — 0.78 43.3% 199 — 88.2 44.3% 256 0923 146  3.05 342 295
DF2-16gp  1.78 = 0.75 42.1% 197 — 83.8 42.5% 249 0920 153  3.07 333 288

Table 4: Main Changes of the Input/Output Dimensions or
Channels of Network Layers. Enc, Decery, Decqs Means En-
coder, ERB Decoder and DF Decoder, respectively.

Network Layer  (Inorg, Outorg)  (Inp, Outp)
Enc.Linear2 (256, 256) (250, 46 )
Enc.GRU (256 256) (46 ,256)
Enc.Convl (16, 16) (9,9)
Enc.Conv2 (16, 16) (9,10)
Decer,.GRUI (256, 256) (256, 37)
Decer,.GRU2 (256 128) (37,128)
Decer- TConvl (16, 16) (7,4)
Decern. TConv2 (16, 16) (9,5)
Decqs.Linear (256 256) (256, 11)
Decqs.GRUI (256, 256) (11, 24)
Decqs.GRU2 (256, 256) (24 ,232)

dynamically optimize layer sizes—a level of adaptability and
efficiency not achieved in prior works like [18]. These findings
highlight the proposed method’s enhanced flexibility and supe-
riority in model optimization for speech enhancement tasks.

4.2. Advancements in Sparsity-Driven Loss

Table 2 presents the outcomes of training models with vari-
ous regularized losses, underscoring the necessity of sparsity
enforcement before pruning. Specifically, the comparison be-
tween DF2-p-Syon and DF2-p demonstrates the significant im-
pact of sparsity on pruning. Moreover, DF2-p-Sycy achieves
higher compression ratios without compromising the model’s
functionality, showcasing the advantage of integrating sparsity
at the channel-coupling level. Despite these advancements,
the modest improvement prompts a reevaluation of our weight
importance analysis method, currently utilizing the /; norm.
This consideration reflects the ongoing debate in the academic
field over identifying the most effective approach for evaluating
weight significance, suggesting a need for further exploration
and possibly the development of more refined techniques.
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4.3. Reevaluating Grouping in Pruning Processes

Grouping in Fully Connected Layers (FCLs) is designed to re-
duce parameter redundancy, similar to pruning, by dividing in-
put and output channels into groups for separate calculations.
However, it may limits pruning efficiency as channels within
the same group cannot be simultaneously eliminated. To as-
sess grouping’s impact on FCLs amenable to pruning, we cat-
egorized FCLs into three: (1) output FCLs (unprunable, blue
in Figure 2); (2) hidden FCLs with direct dimensional opera-
tions (unprunable, grey in Figure 2); (3) hidden FCLs without
above limitations (prunable, red in Figure 2). In our experi-
ment, grouping was applied solely to the unprunable categories
(1 and 2) with a fixed group size of 8, while category (3) ex-
plored various group configurationsl, 2, 4, 8, and 16 groups.
it’s worth nothing that the removal of the shuffle operation[33]
post-pruning, considering the infeasibility of parallel shuffle op-
erations on channel-discontinuous tensors and the high com-
putational cost of element-wise shuffling. Furthermore, the it-
erative pruning process naturally reassigns information among
groups, realizing the role of shuffling to some extent. The exper-
iment results presented in Table 3, revealing that models with-
out grouping achieved higher compression ratios without qual-
ity loss, indicating that grouping may limit pruning potential
and is unnecessary for prunable FCLs, negating the need to de-
termine the optimal group number.

5. Conclusion

In this study, we introduced an automated pruning method
for DNNs in speech enhancement, aimed at optimizing layer
sizes for lower computational costs, complemented by a novel
regularized loss combination. Evaluated on the DeepFilter-
Net2 model, our method achieved outstanding compression ef-
ficiency while retaining performance. Additionally, we ques-
tioned the benefit of grouping trick in linear layers, finding that
it could impede the pruning process. Future research will focus
on improving weight importance analysis techniques to further
enhance the pruning efficacy of our method.
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