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Abstract 

The hardware power-aware Keyword Spotting (KWS) 

implementation requires small memory footprint, low-complex 

computation, and high accuracy performances. In this article, 

three aspects are introduced to satisfy these three stringent 

requirements. Firstly, a lightweight Binary Residual Neural 

Network (B-ResNet) is proposed and applied to the small-

footprint KWS. The parameters and calculations inside the 

network are greatly downscaled during the binary quantization. 

Secondly, during the forward propagation, distribution of the 

binary activation is optimized by our proposed learnable 

activation function with fix-valued shift initialization. Thirdly, 

our variable periodic window (PW) for the backward gradient 

correction (BGC) is also put forward to avoid gradient 

mismatch and vanishing problems during the back-propagation. 

These two improvements effectively increase the accuracy 

performance during the binarization. Our studies in this article 

are very helpful and promising for the future hardware KWS 

implementations. 

 Index Terms: Keyword Spotting (KWS), Binary Neural 

Network (BNN), Residual Neural Network (ResNet), Binary 

Residual Neural Network (B-Resnet), Low-power Design. 

1. Introduction 

Keyword spotting (KWS) is a typical and widely used 

“trigger” between human voices and low-power electric 

facilities or terminals, such as AIoT edge terminals, wearable 

and portable devices, etc. It should simultaneously meet the 

requirements of high accuracy, small memory footprint, and 

less computation [1]. However, a traditional convolutional 

neural network (CNN) can’t be applied to meet this requirement 

because abundant floating-point operations and memory are 

impossibly provided inside a resource-limited platform [2, 3].  

How to effectively decrease the memory and computation 

loads of neural networks (classifier), but still complete a 

satisfying accuracy is important and challengeable for the KWS 

hardware implementation upon a power-aware platform. 

Previous researches explore this challenge [2-10]. Among them, 

residual neural network (ResNet) is still an effective solution 

for the small-footprint KWS application [8]. TC-ResNet and 

DSC-ResNet are proposed to reduce computation and memory 

loads [7, 9]. Recent BC-ResNet utilizes broadcast residual 

learning to combine the advantages of 1-D temporal and 2-D 

convolution which achieves the highest accuracy [10]. These 

methods downsize the classification network scale, but 

redundant full-precision parameters and expensive floating-

point convolution operations still exist.  

Binary Neural Network (BNN) [11] is an effective way to 

downscale the memory occupation and computational comp-

lexity. The original floating-point operations can be simplified 

and transformed into simple bitwise operations. Theoretically, 

binarization can bring about 32×memory compression ratio and 

58×computational reduction [12, 13]. However, the network’s 

accuracy is inevitably deteriorated because of the information 

loss during the binary quantization. 

Enlightened by [7-10], we adopt lightweight ResNet (Res8) 

architecture [8] as baseline network and propose our Binary 

Residual Neural Network (B-ResNet) for the small-footprint 

KWS. Additionally, two novel and improved methods in our B-

ResNet’s forward and back propagations are introduced and 

proved very effective on the network’s accuracy increment. 

During the forward propagation, a learnable activation function 

Hardtanh(𝑥 − 𝑎 + 𝑏𝑖𝑎𝑠) with fix-valued shift initialization a 

is proposed. We combine the shift 𝑎 with the learnable 𝑏𝑖𝑎𝑠 to 

obtain the optimal activation distribution and improve the 

accuracy accordingly. Moreover, during the back-propagation, 

a backward gradient correction (BGC) with variable periodic 

window (PW) is put forward to avoid gradient mismatch and 

vanishing problems. We construct a piecewise function with 

our proposed variable PW to approximate the derivative of Sign 

function, and further correct the backward gradient to obtain a 

steady approximation. With these advantages, our B-ResNet 

can not only achieve a satisfying KWS classification accuracy, 

but also greatly mitigate the parameter and computation scales. 

The rest of paper is as follows. In “Sect. 2”, our proposed 

lightweight B-ResNet’s improvement and effectiveness inside 

both forward propagation and back-propagation are introduced 

and analyzed. “Sect. 3” introduces the experimental process. 

With employment of our effective methods, experiment results 

and discussions are also presented. Finally, the conclusion is 

given in final “Sect. 4”. 

2. Proposed Method 

2.1. Model Architecture 

Our proposed B-ResNet architecture is originated and 

improved by binarizing the full-precision Res8 [8]. Layers in 

our B-ResNet consist of two types of residual block shown in 

Fig. 1(b) & Fig.1(c). The blocks are beneficial for binarization 

and expressed as: 

                                       𝐹(𝑥) = 𝑓(𝑥) + 𝑥                                    (1) 
where 𝑥 is the activation input, 𝐹(𝑥) is the activation output, 

and function 𝑓(𝑥) computes the residual value. Output 𝐹(𝑥) is 

decided by the shortcut 𝑥 and residuals 𝑓(𝑥). 

The shortcuts of residual blocks in Fig. 1 can not only avoid 

the gradient explosion and vanishing caused with the network’s  
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Fig. 1: (a) Architecture of our B-ResNet8. (b) Residual block 

(stride = 1). (c) Residual block (stride = 2). H(𝑥 − 𝑎 + 𝑏𝑖𝑎𝑠) is 

our proposed Hardtanh (𝑥 − 𝑎 + 𝑏𝑖𝑎𝑠)  which improves the 

accuracy performance during the forward propagation. 

deepening, but also increase the numerical representation range 

of the output activations with negligible computation and no 

additional memory overhead [14]. Another, the first Conv layer 

and last FC layer are kept full-precision. Furthermore, our 

proposed activation function Hardtanh(𝑥 − 𝑎 + 𝑏𝑖𝑎𝑠)  inside 

the residual blocks can obviously improve the accuracy perfor-

mance by optimizing the distribution of activations. These 

methods reduce the information loss caused by the binarization 

while keeping the memory and computation at a low scale.  

2.2. Forward propagation 

2.2.1. Binarization Method 

The Fig. 1(b) and Fig. 1(c)’s B-Conv inside all Layers are 

binarized-convolutions. Before the convolution, full-precision 

activations and weights are binarized into 1 and -1. The process 

can be expressed as:  

                     𝑎𝑏 = 𝑠𝑖𝑔𝑛(𝑎𝑟) = {
+1,  𝑖𝑓  𝑎𝑟 > 0
−1,  𝑖𝑓  𝑎𝑟 ≤ 0

                     (2) 

                     𝑤𝑏 = 𝑠𝑖𝑔𝑛(𝑤𝑟) = {
+1,  𝑖𝑓  𝑤𝑟 > 0
−1,  𝑖𝑓  𝑤𝑟 ≤ 0

                    (3) 

                                   𝑤𝑟 =
𝑤 − 𝑤. 𝑚𝑒𝑎𝑛

𝑤. 𝑠𝑡𝑑
                                   (4) 

where 𝑎𝑏, 𝑤𝑏 represent the binarized activations and weights, 

respectively. 𝑎𝑟, 𝑤 represent the full-precision activations and 

weights. 𝑤𝑟 represents the standardized weights. 

And, the activations’ output  𝑦𝑟 can be obtained as: 

                          𝑦𝑟 = 𝑝𝑜𝑝𝑐𝑜𝑢𝑛𝑡[𝑥𝑛𝑜𝑟(𝑎𝑏 , 𝑤𝑏)]                        (5) 

Upon the binarized weights and activations, the output  𝑦𝑟 

can be obtained by a simple bitwise 𝑥𝑛𝑜𝑟  and 𝑝𝑜𝑝𝑐𝑜𝑢𝑛𝑡 

operations [12] instead of the complex multiplications and 

additions for traditional CNN convolution. These operations 

not only greatly lessen memory footprint and calculation cost, 

but also reduce the overhead when hardware implemented. 

2.2.2 Learnable Activation Function with Fixed-value Shift 

Initialization - Hardtanh(𝒙 − 𝒂 + 𝒃𝒊𝒂𝒔) 

In process of training a full-precision neural network, the 

activation distributions’ optimization needs not too much effort. 

The distribution can be easily optimized through the training. 

Whereas, for a binarized network with only 1-bit weights 

and activations, distribution learning is very important but 

difficult. Before entering the Sign function (Eq. (2)), a small 

shift of the input activation distributions may result a 

completely different binarized activation output. This 

inevitably affects the activations’ informativeness and further 

final accuracy. 

Therefore, two learnable activation functions RSign and 

RPReLU are proposed [12]. These functions employ a learnable 

bias after the activations.  In this way, the activations can gain 

a close distribution similar to the full-precision network during 

training. This operation improves the accuracy performance of 

BNN. In addition, [15] also proves that an unbalanced 

activation distribution is helpful for training the BNN. A 

reasonable shift of the activation function makes its distribution 

tend to be unbalanced, and further improves the performance. 

 

Fig. 2: (a) Original Hardtanh function. (b) Our proposed 

Hardtanh(𝑥 − 𝑎 + 𝑏𝑖𝑎𝑠). Parameter 𝑎  (-2< 𝑎  <2) is a fixed 

shift, and 𝑏𝑖𝑎𝑠 is a learnable shift. 

Inspired by the previous two methods’ [12, 15] advantages, 

a learnable activation function with fixed-value shift 

initialization Hardtanh(𝑥 − 𝑎 + 𝑏𝑖𝑎𝑠) is proposed in Fig. 2(b). 

It can improve the activation distribution during the training for 

our B-ResNet. The procedure is to shift an initial fixed-value 𝑎 
firstly. This operation makes the activation distribution tend to 

be unbalanced. A learnable shift 𝑏𝑖𝑎𝑠 which promotes a most 

suitable distribution through training is followed sequentially. 

In some extend,  𝑏𝑖𝑎𝑠 and −𝑎 + 𝑏𝑖𝑎𝑠 are both learnable 

parameters to adjust the activation distribution. However, the 

learning ability with only a 𝑏𝑖𝑎𝑠 is limited for the BNN which 

both activations and weights are all binarized. Therefore, a 

manually value-fixed shift 𝑎 is initially necessary and helps to 

obtain a suitable unbalanced activation distribution quickly. 

Hereafter, the small-ranged learnable 𝑏𝑖𝑎𝑠 is also employed to 

tune the distribution more accurately in this research. 

 

Fig. 3: Variation trend of the 𝑏𝑖𝑎𝑠𝑒𝑠  in training of our B-

ResNet8. (A total of eight learnable activation functions H(x) 

are used in Fig. 1, so eight different 𝑏𝑖𝑎𝑠𝑒𝑠 are illustrated.) 

In Fig. 3, an auxiliary experimental example is conducted 

to illustrate the variation trend of 𝑏𝑖𝑎𝑠𝑒𝑠 in the training of our 

B-ResNet8. Their values fluctuated only within a small range  

[-0.05~0.25] and finally stabilized. Obviously，this range is 

too narrow to achieve an ideal effect through the self-training. 

Whereas, an extra parameter 𝑎 can help to expand the range. 
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2.3. Back-propagation 

2.3.1 Backward Gradient Correction (BGC) 

During the BNN’s back-propagation, the STE method is 

often used to approximate the backward gradient due to the non-

differentiation of Sign function. Typical STE approximation 

functions have poor performance. It is mainly because the 

gradient vanishes on the edge of blocking region (BR, x>s & 

x<-s) and the inevitable gradient mismatch in the central 

straight-through region (SR, -s<x<s) in Fig. 4 (a). To tackle this 

problem, we utilize the backward gradient correction method to 

gradually and stably match the gradient of binarizing function. 

Specifically, a piecewise function with a variable window is 

used to approximate the derivative of Sign function. The 

piecewise function 𝐹𝑘,𝑠(𝑥) is as follows: 

                        𝐹𝑘,𝑠(𝑥) = {

𝑘 ,              𝑖𝑓 𝑥 > 𝑠
   1 ,          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  
  𝑘 ,             𝑖𝑓 𝑥 < −𝑠

                      (6) 

where 𝑠  represents the variable window size of SR, and 𝑠 

changes with the training epoch (the specific value of 𝑠  is 

explained in Sect. 2.3.2’s Equation (10)); 𝑘 is the gradient of 

BR, also a minor positive constant coefficient.  

Additionally, in order to ensure the gradient’s information 

capacity is stable during the approximation process, and also to 

avoid the gradient suppression problem when the window 𝑠 is 

small or large, we correct the backward gradient to obtain better 

approximation [16]. Specifically, the gradient in SR is scaled 

by 𝛾/𝑠 to compensate for gradient suppression, and the gradient 

in BR is multiplied by a coefficient 𝑘. The process is as follows: 

          
|𝐴𝑖∈𝑆𝑅|𝑙2 + |𝐴𝑖∈𝐵𝑅|𝑙2

𝑁
=

|
𝛾
𝑠

𝐴𝑖∈𝑆𝑅|
𝑙2

+ |𝑘 ∙ 𝐴𝑖∈𝐵𝑅|𝑙2

𝑁
    (7) 

                          𝛾 = 𝑠 ∙ √1 +
(1 − 𝑘2)|𝐴𝑖∈𝐵𝑅|𝑙2

|𝐴𝑖∈𝑆𝑅|𝑙2
                      (8) 

where 𝛾 is the backward gradient correction (BGC) factor of 

weights/activations in SR. 𝐴𝑖∈𝑆𝑅  and 𝐴𝑖∈𝐵𝑅  represent the 

gradients in SR and BR, respectively. N is the total number of 

item 𝑖.The final corrected gradient for back-propagation: 

                𝑔𝑟𝑎𝑑_𝑜𝑢𝑡𝑝𝑢𝑡 = {

 𝑘 ,              𝑖𝑓 𝑥 > 𝑠
  𝛾 ,         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  
  𝑘 ,            𝑖𝑓 𝑥 < −𝑠

                   (9)    

2.3.2 BGC with Variable Periodic Window 

In order to better approximate the gradient of Sign function 

stepwise, [16] proposes a decreasing window (DW, light-blue) 

as the Fig. 4 (b) shown. However, with the training continuing 

and epoch increasing, the corresponding 𝑠 value of decreasing 

window DW drops in this figure. It means that the number of 

activations (Na) within the SR range drops sharply, and makes 

the activations of participating in the BGC very limited as Fig. 

4 (c) illustrated. In other words, the DW is easy to produces too 

many “dead neurons” which results in an insufficient gradient 

approximation and easily falls into a local optimal solution.  

Therefore， in Fig. 4(b), we propose a variable periodic 

window (PW, iron-red) that can revive the “dead neurons” 

happened under the DW circumstances. The window 𝑠 is set to 

a periodic value that varies with the training epoch. The 

expression for the 𝑠 is defined as: 

               𝑠 =
𝑆𝑠𝑡𝑎𝑟𝑡

2
[𝑐𝑜𝑠(𝜋

𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑒𝑝𝑜𝑐ℎ

𝑛
) + 𝑚]            (10) 

 

Fig. 4: (a) The distribution of activations x. (b) The value 𝑠 of 

decreasing window (DW, light-blue) and our periodic window 

(PW, iron-red) with the epoch.  (c) The variation trend of the 

number of activations in SR (NaSR) with the epoch in the 

decreasing window (DW). (d) The variation trend of NaSR with 

the epoch in our periodic window (PW). 

where 𝑆𝑠𝑡𝑎𝑟𝑡, 𝑛, and 𝑚 are all integers, 𝑐𝑢𝑟𝑟𝑒𝑛𝑡_𝑒𝑝𝑜𝑐ℎ is the 

epoch number of current training. Because of the periodic cos 

function, the variable window 𝑠 periodically takes 𝑛 values and 

limits 𝑠 within  𝑆𝑠𝑡𝑎𝑟𝑡/2[(−1 + 𝑚), (1 + 𝑚)], 𝑚 >1. 

Fig.4(b) & Fig.4(d) explain our proposed variable periodic 

window (PW) method. In Fig.4(b), a large 𝑠 value (wide SR 

window) at the beginning of training includes all activations. 

This can ensure the gradient quickly correct to approximate the 

backward gradient of Sign function with a large error. During 

this period, the NaSR value appears a narrow flat in Fig. 4(d).  

As the SR window is gradually narrowed (𝑠  decreases), the 

NaSR value drops in Fig. 4(d), and the gradient update gets 

slower. The approximation error is also lessened. After that, the 

𝑠/SR window and NaSR values are periodically fluctuated in 

accordance with a cos functional waveform.  

In this way, our proposed variable periodic window method 

can avoid the “dead neurons” and easily “escape” from the local 

optimization problems. Moreover, the PW’s variable periodic 

window 𝑠 as Equation (10) designed can achieve the periodical 

movement between fast gradient correction and slow but 

accurate update. This improvement finally guarantees adequate 

backward gradient approximation. 

3. Experiment 

3.1. Experiment Setup 

GSCD Ver.1.0(Google Speech Commands Dataset) [17] is 

utilized in our experiments with 64727 utterances of 30 words 

from 1,881 speakers. As same as [8], our task is to discriminate 

 2 classes: “yes,” “no,” “up,” “down,” “left,” “right,” “on,” 

“off,” “stop,” “go”, unknown, and silence. The set is divided 

into three categories - 80% training set, 10% validation set, and 

10% testing set. The sampling rate of the set is 16 KHz/s. 

Following the settings of [8], we randomly add background 

noise with the probability of 0.8. A random time-shift in the 

range of -100 to 100ms is also conducted. Furthermore, our 

models are trained and executed upon PyTorch platform. 

Features input of our B-ResNet is 40-dimensional log Mel-

spectrograms with a 30ms window and 10ms-length frame shift. 

Therefore, each 1s audio is constructed into a 40×98 feature 

input for our models. Our B-ResNet is trained for 300 epochs 

with the Adam optimizer. The weight decay is set 0.001, and 

mini-batch size is 100. The learning rate is initially set 0.001, 

and decreased with a 0.1 scaling factor when the best accuracy 

of validation set does not improve for 35 epochs.  
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To validate the effectiveness of our proposed two 

optimization methods in Sect. 2.2 & 2.3 on the light-weighted 

B-ResNet8 model, several experiments are conducted and best 

hyper-parameters are tuned. We refer the Res8 [8] to adjust out-

put channels setting. Because our B- esNet’s first Conv layer 

is full-precision, redundant parameters and calculations can’t 

avoid. Therefore, the original all 45 channels inside  es8’s first 

Conv layer and following Layer 1-3 are shrunk into 12, 12, 24, 

and 48 in our B-ResNet8 accordingly. As another model B-

ResNet14, its output channels and Layers are both doubled, and 

strides of the added Layers are all set to 1. Upon the B-

ResNet14, to further minimize the parameters and calculations, 

we replace the last Maxpool and FC layers in Fig. 1(a) with a 

global Avgpool layer and a small FC layer (input size = 96). A 

lightweight B-ResNet14 (S-FC) is also completed.  

Finally, the accuracy, scale of parameters (Par.(bit)) and 

computational complexity (FLOPs) are our metrics for the 

model’s performance evaluation. 

3.2. Experimental Results and Discussion 

3.2.1 Effects of Hardtanh(𝒙 − 𝒂 + 𝒃𝒊𝒂𝒔) 

In Table 1, a considerable accuracy improvement can be 

achieved by selecting an appropriate 𝑎  along the x-axis of 

Hardtanh(𝑥 − 𝑎 + 𝑏𝑖𝑎𝑠) function in Fig. 2.  

Table 1: Accuracies of our B-ResNet8 under different shift 𝑎 in 

the activation function (fixed window 𝑠 = 2).  

B  esNet8, with 𝑠 = 2, Hardtanh(𝑥 − 𝑎 + 𝑏𝑖𝑎𝑠) 

𝑎 0.3 0.6  .7 0.8 0.9 

Accuracy (%) 85.58 86. 7 86.38 86.25 85.83 

According to previous research [12], the learnable 𝑏𝑖𝑎𝑠 can 

also promote the distribution of activations. This is validated by 

our experiments and results shown in Table 2. Compared with 

the Hardtanh(𝑥) case, the latter two accuracies are obviously 

proved with 𝑏𝑖𝑎𝑠 envolvement. Furthermore, when combining 

with the 𝑎, the best case (𝑎 = 0.7, same as Table 1) can achieve 

86.38% accuracy which is better than the Hardtanh (𝑥 +
𝑏𝑖𝑎𝑠)’s 84.51%. The accuracies in Table 1 with 𝑎 are also all 

higher than the Hardtanh(𝑥 + 𝑏𝑖𝑎𝑠) performs. These results 

strongly prove the theoretical correctness and effectiveness 

depicted in Sect. 2.2.   

Table 2: Accuracies of B-ResNet8 under different activation 

functions, with a fixed window 𝑠 = 2. 

Activation function Accuracy (%) 

ReLU6 83.82 

Hardtanh(𝑥) 83.63 

Hardtanh(𝑥 + 𝑏𝑖𝑎𝑠) 84.51 

Hardtanh(𝑥 − 𝟎. 𝟕 + 𝑏𝑖𝑎𝑠) 86.38 

3.2.2 Effects of BGC with Variable Periodic Window 

The gradient for back-propagation is as the Equation (9) 

described, where we take 𝑘 = 0.01.  

From the Sect. 2.3.2’s analyses, the window 𝑠 can’t stay in 

a small value for a long time. Otherwise, only too few 

activations participate into the BGC which leads the gradient 

approximation insufficient. It also can’t keep the window 𝑠 a 

large value for long time. Otherwise, too fast backward gradient 

correction (BGC) speed with large error can happen. Therefore, 

experimental optimal hyper-parameters in Equation (10) are 

decided as 𝑛 = 8, 𝑚 = 1.2, and 𝑆𝑠𝑡𝑎𝑟𝑡 = 2.9. 

Followed the previous experiments of Hardtanh(𝑥 − 0.7 +
𝑏𝑖𝑎𝑠) in Sect. 3.2.1, we further conduct several experiments to 

explore the effects of BGC with different window 𝑠 proposed 

in Sect. 2.3.2. The results are listed in Table 3. Among the three 

cases, e.g. BGC with a fixed window (𝑠=2), decreasing window 

(DW) and our variable periodic window (PW), the proposed 

PW achieves the highest 88.32% accuracy. 

Table 3: Accuracies of our B-ResNet8 under the same Hard-

tanh(𝑥 − 0.7 + 𝑏𝑖𝑎𝑠) and BGC with different window 𝑠. 

Window Accuracy (%) 

Fixed window (𝑠 = 2) 86.38 

Decreasing window (DW) [16] 86.77 

Our periodic window (PW) 88.32 

3.2.3 Comparison with Full-precision ResNet 

Compared with the recent BC-ResNet-8 [10], the Res8 [8] 

still can maintain 94.1% accuracy with about one-third Par. and 

FLOPs decrements in Table 4. Inspired by the  es8’s light 

structure and good performance, our improved binarized B-

ResNet even comprehensively performs better and more 

effective than the full-precision Res8. Our B-ResNet8 achieves 

88.32% accuracy with obviously less 1.24M Par. and 1.32M 

FLOPs. Another B-ResNet series Our B-ResNet 4’s accuracy 

can reach 93.07% which is over 90%, and just a 1.03% drop 

compared with the Res8. However, the Par. is 74.1% and 

FLOPs is 5.5% of the reference Res8, individually.  

In [8], the full-precision and small-scale Res8-narrow is 

also proposed to decrease the parameter and computational cost. 

Therefore, an extremely low-complex Our B-ResNet14 (S-FC) 

is conducted to compare with the Res8-narrow. With smaller 

foot-print 0.43M and lower 3.23M FLOPs computation, Our B-

ResNet14 (S-FC) achieves accuracy 91.48%. It outperforms the 

full-precision Res8-narrow model comprehensively. 

Table 4: Comparison of B-ResNet and full-precision Res8.  

Model Par. (bit) FLOPs Acc. (%) 

BC  esNet 8 [ 0]  0.3M  78M 98.0 

 es8 [8] 3.52M 60M 94.  

 es8 narrow [8] 0.64M   .3M 90.  

Our B  esNet8  .24M  .32M 88.32 

Our B  esNet 4 2.6 M 3.3M 93.07 

Our B  esNet 4 (S FC) 0.43M 3.23M 9 .48 

4. Conclusion 

Low-power KWS hardware implementation requires small 

memory footprint, light weight computational cost, and high 

accuracy performances. To satisfy these strict requirements, 

three contents are studied in this article. The light-weighted 

Binary Residual Neural Network (B-ResNet) architecture is 

adopted to downsize the parameter and computation scales. The 

learnable activation function with a fix-valued shift 

initialization improves the distribution of binary activation 

during the forward propagation. To even raise the accuracy 

performance, our variable periodic window (PW) for the 

backward gradient correction (BGC) guarantees a steady 

gradient approximation during the back-propagation procedure. 

The twelve acoustic classification experimental results on the 

GSCD database prove the effectiveness of our proposals. All 

these studies are very helpful and promising for the future 

hardware KWS implementations.  
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