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Abstract—A low-power high-accuracy reconfigurable processor
is proposed for noise-robust keywords recognition and evaluated in
22nm technology, which is based on an optimized one-dimensional
convolutional recurrent neural network (1D-CRNN). In traditional
DNN-based keywords recognition system, the speech feature
extraction based on traditional algorithms and the DNN based
keywords classification are two independent modules. Compared
to the traditional architecture, both the feature extraction and
keywords classification are processed by the proposed 1D-CRNN
with weight/data bit width quantized to 8/8 bits. Therefore
unified training and optimization framework can be performed
for various application scenarios and input loads. The proposed
1D-CRNN based keywords recognition system can achieve a
higher recognition accuracy with reduced computation operations.
Based on system-architecture co-design, an energy-efficient DNN
accelerator which can be dynamically reconfigured to process
the 1D-CRNN with different configurations is proposed. The
processing circuits of the accelerator are optimized to further
improve the energy efficiency using a fine-grained precision recon-
figurable approximate multiplier. Compared to the state-of-the-
art architectures, this work can support 1∼5 real-time keywords
recognition with lower power consumption, while maintaining
higher system capability and adaptability.

Index Terms—Noise-robust keywords recognition, feature ex-
traction, precision reconfigurable, approximate multiplier

I. INTRODUCTION

The automatic speech recognition enables non-contact inter-
action between users and devices, which is one of the impor-
tant signs of machine intelligence. Keywords recognition, also
known as keywords spotting, is the most widely used category
of speech recognition in the IoT. Keywords recognition is
used to identify the specific operation commands (instruction
words) or the wake-up word, such as the wake-up words
“Hello-xiaona” of Windows-10, and the operation commands
“Xiaoai-tongxue”, “Previous-song” and “Next-song” of the
Xiaomi smart speaker. Since the keywords recognition system
is usually required to be always-on and always listening, the
ultra-low power and real-time processing with high recognition
accuracy are the critical requirements. In the past decades, deep
neural networks (DNNs) have demonstrated a more prominent
advantage in speech recognition than traditional models (i.e.,the
Hidden Markov models and the Gaussian mixture models [1],
[2]). The DNN based keywords recognition system is usually
composed of a feature extraction module to convert the speech
signal into a sequence of acoustic feature vectors, and a
keywords classification module using various DNNs.

For decades, many different feature extraction algorithms
have been proposed for speech recognition, including the mel-
scale frequency cepstral coefficients (MFCC) [3], the linear pre-
dictive coefficients (LPC) [4], the perceptual linear production
(PLP) [5] and the relative spectral analysis perceptual linear
prediction (RASTA-PLP) [6]. In the hardware implementations
of DNN based keywords recognition system [7]–[12], although
the DNN topologies and settings used are ever-changing and
different, they almost all use MFCC as the feature extraction
approach based on recognition accuracy and hardware over-
head considerations. These works have disadvantages in two
aspects: on one hand, the feature extraction and the DNN based
keywords classification are two independent modules, therefore
the training and optimization of DNN cannot improve the
adaptability of feature extraction to target application scenarios.
On the other hand, although the power consumption of MFCC
accounts for up to 50% of the total power [13], the MFCC
algorithm is complex and difficult to optimize, the current
works are mainly focused on the optimization of DNN topology
and hardware accelerator. The above two problems severely
limit the accuracy improvement and power optimization of the
keywords recognition processor.

In this paper, we proposed a one-dimensional convolu-
tional recurrent neural network (1D-CRNN) based keywords
recognition system with 8/8 bits quantized weight/data bit
width. This system can process both the feature extraction
and keywords classification, therefore the entire keywords
recognition system can be customized and optimized with
the DNN training framework to adapt to different application
scenarios (i.e., background noise types, SNRs). To accelerate
the 1D-CRNN and make it energy efficient, a reconfigurable
DNN accelerator is proposed to process the 1D-CRNN with
different configurations for various applications. The processing
circuits of the accelerator are optimized to further improve the
energy efficiency using a fine-grained precision reconfigurable
approximate multiplier. This processor can support 1∼5 real-
time keywords recognition with lower power consumption,
while maintaining higher system capability and adaptability.

II. 1D-CRNN FOR NOISE-ROBUST KEYWORDS

RECOGNITION

As shown in Fig. 1, the typical DNN based keywords recog-
nition processor is composed of a speech feature extraction
module and a DNN based keywords classification module.
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Fig. 1. Typical DNN based keywords recognition processor
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Fig. 2. 1D-CRNN network forward topology

However, once the algorithm of feature extraction module is
determined, its hardware implementation is also fixed, such as
the MFCC module. Only the DNN topology and parameter
settings of the keywords recognition module can be trained
and optimized according to the target applications. In the
past decades, many DNNs have been proposed for keywords
recognition, including the convolutional neural networks (C-
NN) [14], the long and short term memory (LSTM) based
recurrent neural network (RNN) [15], the gated recurrent unit
(GRU) based RNN [16], and the convolutional recurrent neural
network (CRNN) [17]. In this work, an optimized 1D-CRNN
is proposed which can process both the feature extraction and
the keywords classification.

The overall structure of the proposed 1D-CRNN approach for
keywords recognition is shown in Fig. 2. Instead of traditional
speech feature extraction methods, such as the MFCC, LPC and
so on, the input speech signal from the microphone (SPH0645,
a digital silicon microphone used in this work) is directly fed
into the one-dimensional convolutional layer (1D-Conv) of the
1D-CRNN. The 1D-CRNN first performs the dimensionality
reduction on the input speech in the frequency domain, then

sends the results to the LSTM layer to extract the features in
the time domain, and finally obtains the classification results
through the fully-connected (FC) layer and the soft-max layer.
Unlike the traditional CNNs, where two-dimensional convolu-
tional layers are used to reduce the dimensionality of input
data, in this work we use one-dimensional convolutional layer
instead of traditional MFCC to extract the features of input
speech, because the spectral characteristics of the input speech
are also one-dimensional.

Since the proposed 1D-CRNN implemented on the software
platform is simulated in floating-point,firstly we need quantize
it to reduce the data/weight bit width for reducing the hard-
ware resources required while implementing the 1D-CRNN.
In work [18], a bit-by-bit layer-by-layer quantization method
has been proposed for speech recognition which can quantize
the bit width of weights to avoid recognition accuracy loss.
Based on this method, we quantize the bit width of both data
and weights in the proposed 1D-CRNN. We use the Google
speech commands dataset (GSCD) [19] as the training and
validation set. There are 105K 1-second long audio clips of
35 keywords in the dataset. The proposed 1D-CRNN based
keywords recognition models are trained to classify the input
speech frames into one of the 5 keywords, “Down”, “Up”,
“Yes”, “On”, “Off”, along with “unknown”. The background
noises are randomly selected from Noise-92 database [20]
including Babble/Pink/White, and then added to the training
and testing speeches with SNR from -5dB to Clean. In this
work, we quantize the bit width of weight/data to 8/8 bits,
which can maintain the high recognition accuracy.

The structures and parameter settings of the 1D-CRNN are
required to be further evaluated and optimized to reduce the
hardware resources and power consumption required as much
as possible. Based on the evaluation of the trade-off between
recognition accuracy and hardware overhead requirements, we
can find the optimal 1D-CRNN settings. Taking the high
accuracy 5 keywords recognition under high background noise
environment (from -5dB to clean) as an example, we chose 5
1D-Conv layers, 1 LSTM layer and 1 FC layer to build the
1D-CRNN. The settings and hyperparameters of each layer of
the 1D-CRNN are shown in Table I. The accuracy comparisons
between the 1D-CRNN based keywords recognition system and
the traditional keywords recognition system (based on MFCC
and CRNN) are shown in Table II. The CRNN consists of
1 Conv layer(10×4×28, with the stride of 2×2), 2 LSTM
layers (30 cells) and 1 FC layer (64 cells). The comparison
results show that even for the high background noise of white
noise with SNR of -5dB, the recognition accuracy of the 1D-
CRNN based keywords recognition system can achieve up to
86%, which is far better than the traditional MFCC and CRNN
based approach. Besides, we also use a random mixed data
set with various background noise types with SNR from -5dB
to 20dB to evaluate the robustness of the proposed 1D-CRNN
based keywords recognition system in a wide range of varying
noise scenarios. In such a test environment, our system can
obtain 87.3% recognition accuracy, which is much higher than
traditional solutions.
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TABLE I
1D-CRNN OPOLOGIES AND SETTINGS FOR KEYWORDS RECOGNITION

Layer Kernel O-Maps Stride Units
1D-Conv1 1×5 8 2 NA

MAX POOLING 5 8 2 NA
1D-Conv2 1×10 16 2 NA
1D-Conv3 1×5 32 1 NA
1D-Conv4 1×10 32 2 NA
1D-Conv5 1×5 48 2 NA

AVE POOLING NA NA NA NA
LSTM NA NA NA 50

FC NA NA NA 5

TABLE II
COMPARISONS OF THE 1D-CRNN BASED KEYWORDS RECOGNITION AND

THE TRADITIONAL ARCHITECTURE

Noise Type SNR(dB)
Accuracy

(MFCC+CRNN)
Accuracy

(1D-CRNN)
Clean 94.3 % 93.8 %

Pink
10 91.4% 93.6 %
0 86.1% 91.1%
-5 78.5% 89.3 %

Babble
10 90.2% 92.3%
0 81.2% 91.3%
-5 67.3% 87.6%

White
10 91.3% 90.3%
0 87.4% 88.3%
-5 76.8% 86.0%

Random -5 to 20 mixed 80.9% 87.3%

III. NOISE-ROBUST 1D-CRNN BASED KEYWORDS

RECOGNITION PROCESSOR

A. Reconfigurable 1D-CRNN Accelerator for Power-
constrained Keywords Recognition

The implementation of a typical hardware implementation
architecture for hybrid DNN where different layer types are
adopted is shown in Fig. 3(a), which is a distributed computing
architecture. In this architecture, two SRAM blocks are used
as ping-pong buffers to cache outputs of the convolution
computing units and the LSTM computing units. The total
SRAM blocks required for this architecture is 52KBytes, as
shown in Fig. 3(a). This architecture uses separate modules to
process Conv layers and LSTM layers respectively. For each
input speech frame, the Conv layers require a total of 190.2K
calculation cycles per second, and the LSTM layers require
171.5K calculation cycles per second. There is a bandwidth
mismatch between the two modules. In order to improve the
hardware resource utilization and reduce the leakage power,
we present a reconfigurable 1D-CRNN accelerator architecture
based on the typical computing architecture. This reconfig-
urable architecture uses a configurable PE Array to process
Conv layers and LSTM layers with different configurations.
As shown in Fig. 3(b), it consists of 4 weight SRAM blocks
with the size of 40bits×1942, a processing elements array
(PE-Array) which contains 20 processing elements (PEs), one
Nonlinear module, two buffers with the size of 32bits×800
and a Conv Output Buffer with the size of 8bits×1680. The
bit width of weight SRAM blocks is set to 40, so that 20
weights can be loaded in parallel the same. As a result, when
the PE array is reconfigured to compute in the LSTM mode, the
hardware resource utilization of PE-Array can be maximized.
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As shown in Fig. 4, the PE-Array consists of four Config-
urable Multiply Accumulate (CFG MAC) units. Take the CNN
MODE REGION as an example, the upper part presents 10
regs loaded with Wo and D in and 5 multipliers. This part
calculates the multiplication of 5 sets of input data. The lower
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part processes the scheduling of 5 sets of results. With the
configuration of the 9 MUXs and the 5 registers, we can achieve
an addition tree or an accumulation unit. With the 0/1 selection
of the MUXs, the CFG MAC unit can be reconfigured to
process the Conv layers, FC layers or LSTM layers. Taking the
CNN MODE REGION as an example, when the selector is set
to (0,1,0,1,0,1,0,1,0) from the left to the right, the CFG MAC
unit is configured to multiply and add 5 groups of the input
data. If the convolution kernel is 1×10, the output of the units
can transmitted to the LAST DIN port of the next CFG MAC
unit. Taking the LSTM MODE REGION as an example, when
the selector is set to (1,0,1,0,1,0,1,0,1), the CFG MAC unit can
complete five sets of multiplications respectively, store them in
the bottom regs to realize the accumulation operation, then the
LSTM layers or FC layers can be processed.

In this work, 4 column-oriented multiplication-accumulation
units are used to implement the parallel operation of the four
gates F (Forgotten Gate), I (Input Gate), G (Update Gate),
and O (Output Gate) of the LSTM unit. The multiplication-
accumulation results are: PEf, PEi, PEg, PEo, which will be
then directly sent to the Non linear module for activation,
avoiding buffering intermediate results. The Non-linear oper-
ation module is also reconfigurable, which mainly includes a
comparator and a multiplication-accumulation array.

When input speech data transmitted to the accelerator
through pre-emphasis and framing module, the PE Array is set
to the CNN mode. The data stream passes through PE Array
and Non-linear modules, and the result is stored in Conv
Output Buffer. After all the convolutional layers are processed,
the results are stored in the Conv Output Buffer. Then the
PE Array is set to the LSTM mode. The input of PE Array
is provided by the combination of Conv Output Buffer and
Buffer2 (or Buffer1). PE Array loads partial weights of the
LSTM layer. When one time-step is processed, the result is
stored in Buffer1 (or Buffer2). After the last time-step of the
LSTM layer, PE Array is set to the FC mode, the input data
is loaded from Buffer1 (or Buffer2), and the output result is
the recognition result. Compared to the typical hybrid DNN
architecture (as shown in Fig. 3(a)), the proposed architecture
(as shown in Fig. 3(b)) can improve the hardware resources
utilization by up to 36%.

B. Fine-grained precision reconfigurable approximate multipli-
er for 1D-CRNN Computing

In the proposed 1D-CRNN, the operation numbers of ad-
ditions and multiplications are almost the equal, however the
power consumption of multiplications can account for over 90%
of all. Thus, a convincing idea to reduce power consumption
for processing DNNs is to improve the energy efficiency of
multiplication operations. In this work, we present a fine-
grained precision reconfigurable approximate multiplier to fur-
ther reduce the computing power consumption.

The principle of multiplication is essentially shift accu-
mulation, and the number of times the multiplier needs to
accumulate is the bit width of the multiplier. In order to reduce
power consumption, the proposed approximate multiplier with
fine-grained precision reconfigurable architecture can achieve
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different calculation precisions with reduced circuit power
consumption by using two parameters: the Horizontal Breaking
Line (HBL) and the Vertical Breaking Line (VBL). The HBL =
n indicates that the horizontal carry of the n rows partial product
above HBL is discarded, which indicates the full adder can be
replaced by a 2-input OR gate. Similarly, the VBL = m means
that the vertical carry of the m columns partial product on the
right-side VBL is discarded, which means the full adder can
be replaced by a 2-input AND gate. When the value of HBL
and VBL increases, the number of transistors required for the
multiplication decreases, and the accuracy loss of the proposed
1D-CRNN may increase. Specifically, if HBL=0 and VBL=0,
it will be configured as a standard full precision multiplier.

In this work, we first use booth encoding method for the
multiplier to reduce the number of additions and subtractions
required for the multiplication. The encoding format is shown in
Table III. Before encoding, it needs to add a zero to the lowest
bit of the multiplier. The mi+1, mi, and mi−1 respectively
represent the adjacent three digits of the multiplier. Each time
the coding starts from the lowest bit to the highest bit, each
time i increases by 2. For every interval of 2 bits, 3 bits of the
multiplier are taken to encode, and the operation that needs to
be done is achieved this time.

Fig. 5(b) gives an example, which is the encoding of
0110 1000, representing 104. The bit-pair encoding result is
{+2,-1,-2,0}, and the decimal system is represented as shown
in the Equation (1).

d = 2× 43 − 42 − 2× 41 = 104 (1)

For the numbers of which the multiplier data bit width is
not even, it is necessary to fill a sign bit in the highest bit,
and then perform bit pair encoding. The weight bit width in
this paper is 8, through booth encoding the multiplicand only
needs to be accumulated 4 times each time. One example of
the approximate multiplication implementation is also shown
in Fig. 5, where the data bit width of the multiplicand is 8bits.
The VBL designed in the schematic diagram is 7, the HBL is
2, and the shaded part is filled with the sign bit.
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TABLE III
ENCODING FORMAT FOR PROPOSED APPROXIMATE MULTIPLIER

{mi+1, mi, mi−1} Code Operation
000 0 Add 0
001 +1 Add multiplicand
010 +1 Add multiplicand
011 +2 <<1 bit and add multiplicand
100 -2 <<1 bit and sub multiplicand
101 -1 Sub multiplicand
110 -1 Sub multiplicand
111 0 Add 0

TABLE IV
RECOGNITION ACCURACY WITH DIFFERENT APPROXIMATE MULTIPLIER

SETTINGS (5 KEYWORDS RECOGNITION)

Layer OPS/%
HBL,VBL

CASE1 CASE2 CASE3 CASE4
1D-Conv1 0.88 0,0 0,0 0,0 0,0
1D-Conv2 7.15 0,0 0,0 0,0 0,0
1D-Conv3 14.30 0,0 2.8 3,6 3,8
1D-Conv4 28.60 2,5 2,6 2,5 3,6
1D-Conv5 10.74 0,0 2,8 3,6 3,8

LSTM 38.32 2,5 2,6 2,5 3,6
FC 0.01 0,0 0,0 0,0 0,0

Loss Accuracy 0.5% 1.1% 3.2% 5.6%

For the upper part of the HBL line, since the horizontal
carry is ignored, the OR gate can be used. In the lower right
corner where HBL and VBL intersect, since the longitudinal
carry is ignored, only one AND gate is needed. The lower
left corner where HBL and VBL intersect adopts a full adder.
This can greatly reduce the resource consumption and power
consumption of the multiplier.

Based on the algorithm designed in this work, the recognition
accuracy of the network is determined by the accuracy of
approximate multiplier. It can be seen that the accuracy of the
multiplier has a total of two parameters, HBL and VBL, to
adjust the accuracy of the approximate multiplier. When HBL
and VBL are smaller, the accuracy is higher. Applying the
above-mentioned approximate multiplying adder optimization
scheme to the multiplication-accumulation circuit part of the
neural network, the approximate scheme and the final accuracy
results can be obtained through software simulation as shown in
Table IV. OPS% is the ratio of the number of multiplications in
the corresponding layer to the total. With the increase of HBL
and VBL from CASE1 to CASE4, the loss of precision also
increases, and the corresponding power consumption decreases.
In this work, we adopt the CASE1 configuration in which the
approximate multipliers are only adopted in the layers with
the largest amount of calculations. Approximate calculations
are performed on the network after quantization, so the degree
of approximation that can be taken is limited. The weight bit
width after quantization in this paper is set to 8bits, and the data
bit width is set to 8bits too. Compared with the full precision
standard multiplier used in the process library, the approximate
multiplier proposed in this paper with CASE1 configuration
can save about 35% power consumption of the PE-Array.

4*SRAM
Buffer

Accelerator & Others

1.039 mm
0.73 m

m

Fig. 6. Layout of the prototype keywords recognition processor

TABLE V
COMPARISONS WITH THE STATE-OF-THE-ART LOW POWER KEYWORDS

RECOGNITION PROCESSORS

TCAS-I’20 [18] VLSI’18 [10] ESSCIRC’18 [21] This work
Technology 22nm 65nm 65nm 22nm

Architecture MFCC+BWN MFCC+BCNN MFCC+LSTM 1D-CRNN
Bit width

(Data)
MFCC: 12/16bits

BWN: 16bits
MFCC: 16bits
BCNN: 1bit

MFCC: 16bits
LSTM: 16bits

LSTM: 9bits

Bit width
(Weight) 1bit 1bit 16bits 8bits

Frequency 250KHz 2.5MHz 250KHz 250KHz
Latency 16ms 0.5∼25ms 16ms 16ms
Voltage 0.6V 0.57V 0.57V 0.6V

Layout Area 0.602mm2 9.611mm2 1.035mm2 0.758mm2

Memory 11KB 52KB 34KB 46KB
Numbers of
Keywords 10 1 4 1∼5

Power 10.8∼15.1μW 141μW 5μW*
1.8μW@1-keyword
2.7μW@5-keywords

Dataset GSCD TIDIGIT NA GSCD

Recognition
Accuracy

87.9%@Clean
84.4%@10dB
80.8%@5dB

95%@Clean
88%@10dB

91.2%@Clean

5-Keywords:
93.2%@Clean
91.5%@10dB
87.1%@-5dB
1-Keyword:

98.6%@Clean
97.4%@-5dB

(*5μW in work [21] does not include the power consumption of the MFCC
module for feature extraction.)

IV. IMPLEMENTATION RESULTS

To evaluate the power consumption and recognition accuracy
of the proposed keywords recognition processor, the prototype
processor shown in Fig. 3 (b) is implemented and evaluated on
an industrial 22nm ultra-low-leakage (ULL) process technol-
ogy. The prototype system is functional with the logic supply
voltage of 0.6V, and the clock frequency is 250KHz. The power
consumption is evaluated with Synopses PTPX at 25◦C TT
corner. The layout of the proposed 1D-CRNN based keywords
recognition processor using 22nm ULL technology is shown
in Fig. 6. The area of the prototype system is 0.758 mm2

(1.039mm × 0.730mm) with the I/O PADs (0.331 mm2 without
the I/O PADs).

Comparisons with the state-of-the-art designs for keywords
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recognition processors are shown in Table V. In these work-
s, although they use different DNN structures to implement
keywords classification, they all use a MFCC module for the
feature extraction. Using more bit width for MFCC module can
improve the recognition. However, accuracy of the keywords
recognition system to a certain extent for the wide-ranged back-
ground noise applications, the recognition accuracy will quickly
decrease as the SNR decreases, as discussed above. As shown
in Table V, when the proposed 1D-CRNN based keywords
recognition processor is configured for 1-keyword recognitor
(configured to 3 1D-Conv layers, 1 LSTM layer and 1 FC
layer), this work can achieve the accuracy of 98.6%@Clean
and 97.4%@-5dB, with the power consumption of 1.8 μW;
when the 1D-CRNN based keywords recognition processor is
configured for 5-keywords recognitor (configured to 5 1D-Conv
layers, 1 LSTM layer and 1 FC layer), this work can achieve the
accuracy of 93.2%@Clean, 91.5%@10dB and 87.1%@-5dB,
with the power consumption of 2.7 μW. Compared to state-
of-the-art designs, the proposed 1D-CRNN based keywords
recognition processor can process both the feature extraction
and keywords classification without MFCC, and can achieve
noise-robust high accuracy with low-power consumption.

V. CONCLUSION

In this paper, a low power reconfigurable keywords recog-
nition processor is implemented with high accuracy under
22nm CMOS technology. The proposed 1D-CRNN with 8/8
weight/data bit width quantization can efficiently process both
the feature extraction and keywords classification without M-
FCC under different noise and SNRs. Besides, an energy-
efficient DNN accelerator using fine-grained precision recon-
figurable multipliers is proposed to process the 1D-CRNN with
different configurations for different workloads and various
applications. The proposed keywords recognition processor can
support noise-robust high accuracy 1 ∼ 5 keywords recognition
with the power consumption of 1.8μW ∼ 2.7μW.
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