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Error-Diffusion Based Speech Feature Quantization
for Small-Footprint Keyword Spotting

Mengjie Luo

Abstract—Neural network based keyword spotting (KWS) sys-
tem is a critical component for user interaction in current smart
devices. Although small-footprint networks have been widely ex-
plored to reduce deployment overhead, low-precision input feature
representation still lacks in-depth research. In this letter, an error-
diffusion based speech feature quantization method is proposed.
Specifically, our algorithm adapts image processing to quantize the
input speech feature maps in arbitrary bits. Experiments show that
in the 10-keyword KWS task, our 3-bit representation only brings
a 0.45% average accuracy drop compared to the full-precision
log-Mel spectrograms while others drop over 3%. In the 2 keywords
task, our 3-bit representation produces no significant differences,
while 1-bit quantization only leads to an average of 1.7 % accuracy
drop and is even capable of handling similar keywords and im-
balanced data distribution. The result proves our method, to the
best of our knowledge, is the first practical method that supports
as low as 1-bit quantization for single-channel speech features in
small-footprint KWS. In addition, we analyze the impact of error-
diffusion directions and conclude that time-direction diffusion is
more suitable for temporal convolutional networks.

Index Terms—Keyword spotting, speech feature quantization,
error diffusion, image processing, convolutional neural networks.

1. INTRODUCTION

EYWORD spotting (KWS), a classification task aiming
K to detect single-word or phrase commands from an audio
stream, has gained much attention in recent years. With the
success of deep learning in a variety of cognitive task, neural
network based approaches [1]-[6] have become popular for
KWS and presented convincing performance. Specifically, con-
volutional neural networks (CNNs) based KWS [6]-[11] show
remarkable accuracy [12]. However, such networks require con-
siderable computations, making it difficult for resource-limited
device deployment.

Recently, several small-footprint network architectures have
been introduced in KWS to resolve the computational drawbacks
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of conventional CNN, such as DSCNN [13], TENet [14], TC-
RESNet [15], MatchboxNet [16]. Moreover, low-precision net-
work quantization techniques [17] have been widely explored for
reduced memory overhead and efficient inference. In particular,
extreme compact KWS have been implemented [18], [19] using
binary weight neural network (BWN) [20], [21] architectures.
However, these studies focus only on the optimization of neural
network itself while still using high precision speech features
which lead to extra computational cost.

Therefore, researchers start to look for low-precision speech
representation approaches to further diminish the energy con-
sumption and memory footprint of KWS. [12] first indicates
that the design of new extremely-light and compact features in
small-footprint KWS systems can be promising for further study.
For example, [22] proposes a log-Mel based linear quantizer that
supports as low as 2 bits with a cost of insignificant accuracy
loss on a relatively complex network EdgeSpeechNet-A[23].
However, this work hasn’t demonstrated effectiveness on small-
footprint networks. Besides, its use of 40 Mel filters may help
compensate for the quantization loss, as [24] indicates that much
of the spectral information is redundant in the field of KWS.

In this letter, we aim to find a method that supports as low as
1-bit quantization while maintaining high accuracy in small-
footprint KWS applications. Different from the prior works
which use the power variation of speech for extreme low pre-
cision quantization [22], [25], we solve the problem from the
perspective of preserving the image quality of speech feature
maps. The proposed method adapts error diffusion algorithm
to quantize speech feature maps or even binarize them directly,
which makes the deployment of a fully binary neural network
(BNN) possible. To the best of our knowledge, it is the first
attempt to apply an image processing method for speech feature
quantization. Experiments show that the proposed low precision
features are effective in a variety of KWS tasks, yielding higher
recognition accuracy than linearly-quantized [22] and standard
max-min quantization for different CNN architectures. Further-
more, we discuss the impact of error diffusion directions on
recognition accuracy.

II. PROPOSED METHOD

A. Error-Diffusion Based Speech Feature Quantization

Error-diffusion is a well-known image processing algorithm
to quantize a continuous tone image (e.g., grayscale and color
image) into a halftone one and keep as much of the perceived de-
tail as possible. Considering that the feature maps in CNN based
KWS systems can be treated as a set of images, the quantization
approaches of the image could be used here to preserve feature
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Fig. 1. Direction of error diffusion. (a) Time-Direction. (b) Filter-Direction.

maps’ information. Therefore, our algorithm adapts a famous
error-diffusion method called Floyd-Steinberg dithering [26]
and applies it into the quantization of speech feature in KWS, it
takes advantage of the error-diffusion algorithm to maintain the
quality of the quantized feature maps and extend the precision
representation to arbitrary bits (including binary).

The quantization basis we select here is the log-Mel (filter-
banks) spectrogram, as [12] proved Mel-scale-related features
are still among the best choices for KWS tasks. Its conclusion
is derived from the fact that multiple attempts [27]-[29] for a
learnable speech feature turned out to have similar results as
log-Mel spectrograms.

The essence of the algorithm is to take the quantization error
as a result of thresholding one pixel and diffuse to its neighbors
where it influences their threshold operation. Starting from the
top-left pixel, the algorithm runs firstly along the width of feature
maps and then along the height direction. Therefore, the height
and width setting corresponding to different dimensions of the
Mel-log spectrogram results in two approaches to diffuse quan-
tization errors in practice, we call them Time-Direction (TD)
and Filter-Direction (FD) diffusion. Fig. 1 shows the difference
of width-height definition between TD and FD diffusion. In this
particular example, the time bin of the feature map(T) is 10
and the filter banks(F) is 5. It can be observed in Fig. 1 that the
quantization error will be mainly diffused to adjacent filter banks
of following time bin in TD while same filter bank of adjacent
time bins in FD.

In detail, the algorithm of error-diffusion based speech feature
quantization is given in Algorithm 1. For TD diffusion, param-
eter H is the number of time bins and W is the number of filter
banks, while vice versa for FD diffusion.

B. Speech Feature Maps Evaluation

An example of float log-Mel spectrogram and different 3-bit
quantization representations of word “happy” is illustrated in
Fig. 2. The loss of image characteristics is obvious in red blocks.

As the speech feature maps are considered as images here,
the Peak Signal-to-noise Ratio (PSNR) is used to evaluate the
quality of low-precision representations after different quantiza-
tion methods. The input speech signal is selected from Google
Speech Commands Dataset [30] (GSCD) in which each utter-
ance is one-second long.
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Algorithm 1: Error-Diffusion Based Feature Quantization.

Input: P,..(4,7) € [0, 1] is the accumulated value which
starts off as the input feature maps. n is the target

precision bit width. W is the width of feature

maps while H is heights.
Output: P, (7, ) is the target-precision value of feature
maps.

1 Pacc(ia.j) (_Pacc(iaj) X (2n_ 1)
2

3 fori «+ 1to H do

4 forj < 1toW do

5 if (binary_mode) then

6 if (Pyec(?,7) > 0.5) then

7 Pout(i,g) <1

8 else

9 Pout (17]) 0
10 end if
11 else
12 Pout(i,7) < floor(Puee(i, 7))
13 end if

14 e<—Pacc(i7j)_Pout(ivj)
15 if (j < W) then

16 Prace(i,j + 1) < Pace(i, j + 1) + e
17 end if
18 if (i < H) and (j > 1) then
19 Poce(i+1,j = 1) + Poce(i+ 1,5 — 1) + e
20 end if
21 if (i < H) and (j < W) then
22 Pace(i+1,) = Pace(i +1,7) + e
23 Poce(i+ 1,54+ 1) ¢ Pacc(i +1,j +1) + e
24 end if
25 end for
26 end for
TABLE 1

THE PSNR FOR DIFFERENT METHOD IN 2, 3, 48-BIT REPRESENTATION

Method Error- Linearly- Standard
Precision diffusion quantized max-min
2 17.65 15.06 14.69
3 26.03 22.71 21.62
4 32.90 30.89 28.33
8 57.39 55.36 52.75

In PSNR evaluation, the full-precision log-Mel spectrogram is
treated as the original image, and the examined feature maps are
representations quantized to 8, 4, 3 and 2 bits by different meth-
ods. The results in Table I demonstrate that the error-diffusion
method produces the highest quality of image at low quantization
precision compared to linearly-quantitated representation [22]
and the standard max-min quantization.

III. EXPERIMENTAL RESULTS

A. Implementation Details

Dataset: We use recognition accuracy of the KWS task as
the main metric to evaluate how well the quantization method
performs. Google Speech Commands Dataset is used in the
following experiments, it contains about 65k one-second-long
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Fig. 2. log-Mel spectrogram of word “happy” in different quantization
method: (a) 64-bit full precision. (b) 3-bit error-diffusion. (c) 3-bit linearly-
quantized. (d) 3-bit standard max-min.

utterance files of 30 target categories. Besides, we split the exper-
iment into two KWS tasks. In the first task we follow Google’s
implementation to distinguish 10 keywords with 2 filler classes,
including “yes”, “no”, “up”, “down”, “left”, “right”, “on”, “off”,
“stop”, “go”, silence, and unknown using 3-bit representation.
Meanwhile, a 2-keyword task (“happy” and “stop”) is used to
simulate a small-footprint KWS application where 3-bit and
binary representation are examined. Moreover, experiments with
similar keywords (“no” and “go”) and imbalanced data distri-
bution are conducted to assess the robustness of the proposed
method under more challenging scenario. In all tasks, the dataset
is split into training, validation, and test sets, with 80% training,
10% validation, and 10% test, respectively.

Data augmentation and preprocessing: Following Google’s
preprocessing procedures, we apply data augmentations includ-
ing random shift and noise addition in training phase. Back-
ground noises from the dataset are sampled and added with a
random proportion following a uniform distribution U(0, 0.1).
After that, the signal is time shifted by ¢ seconds and padded
with zeros to 1 second, ¢ is sampled from U(—0.1, 0.1).

Experimental Setting: To simulate an edge-device-friendly
KWS system, a small-footprint log-Mel feature map is used here,
the size of which is 61x10. We apply 10 Mel filters with a 32ms
window size and 16ms frame shift, such setting can be seen in
several small-footprint KWS deployments [13], [19].

Furthermore, to verify the generality of the proposed method
under small-footprint KWS, a set of compact CNNs including
CNN-M [13], DS-CNN-S [13], TENet6 [14] and TC-RESNet8
[15] are selected as backbone networks. All the models are
trained for 50 epochs with a batch size of 100, and the hyperpa-
rameters of each model are set to the same as the corresponding
papers.

B. Evaluation Results

1) Low-Precision Log-Mel Spectrogram: Experimental re-
sults in 10-keyword KWS task of the 64-bit full precision and
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TABLE IT
THE ACCURACY OF 10 KEYWORDS KWS IN 3-BIT REPRESENTATION OF
DIFFERENT METHODS
64-bit 3-bit TD 3-bit 3-bit
Model Method float diffusion linearly max-min
log-Mel quantized quantized  quantized
CNN-M 92.84% 92.50% 89.50% 89.45%
DS-CNN-S 94.29% 93.58% 89.23% 89.52%
TENET6 95.25% 94.96% 91.82% 90.86%
TC-RESNET8 94.22% 93.76% 90.78% 90.01%
Average loss 0.45% 3.82% 4.19%
TABLE III
THE ACCURACY OF 2 KEYWORDS KWS IN 3-BIT REPRESENTATION OF
DIFFERENT METHODS
64-bit 3-bit TD 3-bit 3-bit
Model Method float diffusion linearly max-min
log-Mel quantized  quantized  quantized
CNN-M 98.30% 98.16% 97.71% 96.32%
DS-CNN-S 98.51% 98.50% 97.42% 97.44%
TENET6 98.93% 98.71% 98.32% 98.08%
TC-RESNET8 98.59% 98.38% 98.23% 97.87%
Average loss 0.15% 0.66% 1.16%
TABLE IV

COMPARISON OF FLOAT LOG-MEL AND BINARY REPRESENTATION IN 2
KEYWORDS (“HAPPY” AND “STOP”) KWS

Ace (%) Convl Ops™

Model Float Binary Acc  Float  Binary Ops
Rep. Rep. loss Rep. Rep. Saving

CNN-M 98.30 96.41 1.89 1.8M 0.9M ~2.0x
DS-CNN-S 98.51 96.75 1.76 0.8M 0.4M ~2.0x
TENET6 98.93 97.37 1.56 117.1K 63.1K ~1.9x
TC-RESNET8  98.59  97.02 1.57  58.6K 33.8K ~1.7x
Average - - 1.70 - - ~1.9x

2Convl1 Ops: Operations in first convolutional layer
YError diffusion requires 4.46 K extra operations

3-bit quantized are summarized in Table II. The accuracy of full-
precision log-Mel is treated as the baseline for the quantization
methods. As observed, the proposed method can achieve the
best accuracy on all models. The average loss of our method on
four models is 0.45%, while linearly-quantitated representation
and the standard max-min quantization dropped by 3.82% and
4.19%, respectively.

For 2-keyword KWS task, the proposed method still achieves
the highest accuracy as illustrated in Table III. With an average
accuracy loss of 0.15%, we can conclude that for 2-keyword
small-footprint KWS task, our 3-bit representation has almost
no affection on the performance of CNNs.

2) Binary Log-Mel Spectrogram: Firstly, a 2-keyword ex-
periment is conducted using binary spectrogram to evaluate the
tradeoff between computational operations (Ops) and accuracy.

A direct advantage of using binary input features is that
the multiply-accumulate operations (MACSs) could be directly
simplified as accumulate operations. As shown in Table IV, the
binary representation only leads to an average of 1.7% accuracy
drop compared to float spectrogram while reduces about half of
computational cost in the first convolution layer.

Besides, to assess the robustness of the proposed method,
similar keywords “no” and “go” are used and further examined
with extremely imbalanced distribution (no:500, go:3000). As
illustrated in Table V, under such difficult condition, both float
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TABLE V
THE ACCURACY (%) OF 2 KEYWORDS FOR BINARY REPRESENTATION UNDER
CHALLENGING SCENARIO

Float Rep. Binary Rep.
Model happy no no happy no no
stop 2o 2o stop 20 20
Bal. Bal. Imb. Bal. Bal. Imb.
CNN-M 98.30 96.53 96.34 96.41 94.13 93.32
DS-CNN-S 98.51 97.31 96.46 96.75 94.51 92.82
TENET6 98.93 97.54 97.20 97.37 94.80 94.06
TC-RESNET8  98.59 97.43 97.03 97.02 94.45 93.80
Average loss - 1.38 1.83 - 243 3.39
TABLE VI
THE ACCURACY OF 2 KEYWORDS IN BINARY REPRESENTATION
Method  64-bit float TD-diffusion FD-diffusion
Model log-Mel quantized quantized
CNN-M 98.30% 96.41% 96.34%
DS-CNN-S 98.51% 96.75% 96.74%
TENET6 98.93% 97.37% 95.78%
TC-RESNETS 98.59% 97.02% 95.80%
2D CNN * loss - 1.83% 1.87%
1D TCNN ° loss - 1.57% 2.97%

22D CNN: CNN-M and DS-CNN-S.
1D TCNN: TENET6 and TC-RESNETS.

and binary representation face accuracy drop. Although the 1-bit
representation has a bit higher average loss than float log-Mel, it
still gets a relatively practical performance (>92%) and proves
that the neural networks can learn and classify well using our
binary representation.

3) Error-Diffusion Direction: To gain further insight into the
impact of the different diffusion direction on KWS accuracy,
we use 1-bit representation with TD and FD diffusion on the
2-keyword task to compare two approaches. The experiment
results in Table VI show that TD-diffusion brings 1.4% higher
accuracy than FD-diffusion in 1D temporal convolutional net-
works, on the other hand, the difference brought by diffusion
directions is insignificant in traditional 2D convolutional net-
works.

Here we provide a rough explanation for this phenomenon
by counting the out-of-kernel pixels that will diffuse error to
the data involved in one time of convolution. Fig. 3 gives an
example of the effect of two diffusion directions on different
convolution kernels. As shown in Fig. 3, the in-kernel data
within a 2D traditional CNN typically receives error diffused
by pixels around 3 directions in both diffusion approaches. For
1D temporal convolution, on the other hand, in-kernel data only
gets affected by pixels from one side in TD diffusion, which is
doubled in FD diffusion.

Asshownin Fig. 4, assuming the data used for one convolution
in a 1D temporal convolution requires ¢ x F' pixels where F' is
the number of filter banks, while that of a 2D CNN includes
t' x f pixels. The number of error-diffusing pixels N can be
formulated as

Nr_p=F (D
Np_1p=2F -1 ()
Nr_op=2t'+ f+1 3)

Np_op =2f+t' +1 4)

IEEE SIGNAL PROCESSING LETTERS, VOL. 29, 2022

(2) (b)

Fig. 3 Impact of error-diffusion direction on two convolution processes.
Yellow blocks demonstrate the diffusion direction. Red blocks represent data
involved in a 1D temporal convolution. Blue blocks represent data involved in a
2D traditional convolution. Gray blocks represent error-diffusing pixels outside
the convolution kernels. (a) TD-diffusion. (b) FD-diffusion.

Fig. 4.

Example of 1D and 2D kernels.

The subscript T"and F' denote TD and FD diffusion separately.
We can easily derive that for 1D temporal CNNss, the difference
in error-diffusing pixels between two directions Np_;p and
Np_1p is always F' — 1, while for 2D traditional CNNs is
f — t', whichis typically smaller than F' — 1 as 2D CNNs tend to
use more square kernels. Therefore, we conclude that the make
TD-diffusion a better choice for 1D temporal convolutional
networks.

IV. CONCLUSION

In this letter, we introduce a novel speech feature quantization
approach for KWS based on error-diffusion. The strength of
the proposed method lies in two aspects. Firstly, it supports
quantization with arbitrary precision as low as 1-bit which is
directly interfaceable with binary or ternary neural networks.
Secondly, the proposed method reduces the information loss
during quantization by preserving the image quality of feature
maps. Experiments show that our method produces features
with the best PSNR in a variety of precisions. The recognition
accuracies of different networks demonstrate that the proposed
feature not only has the best performance in small-footprint
KWS tasks compared to other low-precision features, but is also
robust enough for challenging scenarios like similar-keywords
classification and imbalanced training datasets. Moreover, we
find that TD diffusion could be more suitable for 1D temporal
convolutional networks and discuss about the phenomenon.
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