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Abstract

User-defined keyword spotting research has been gaining pop-
ularity in recent years. An open-vocabulary keyword spotting
system with high accuracy and low power consumption remains
a challenging problem. In this paper, we propose the DyCon-
vMixer model for tackling the problem. By leveraging dynamic
convolution alongside a convolutional equivalent of the MLP-
Mixer architecture, we obtain an efficient and effective model
that has less than 200K parameters and uses less than 11M
MACs. Despite the fact that our model is less than half the
size of state-of-the-art RNN and CNN models, it shows com-
petitive results on the publicly available Hey-Snips and Hey-
Snapdragon datasets. In addition, we discuss the importance of
designing an effective evaluation system and detail our evalua-
tion pipeline for comparison with future work.

Index Terms: Dynamic Convolution, Open-vocabulary Key-
word Spotting, User-defined Keyword Spotting, Query-by-
Example, ConvMixer

1. Introduction

A keyword spotting system is the key starting point of voice in-
teractions between humans and smart devices. These devices
constantly listen to their environment and only get triggered by
certain keywords. The triggering words are usually predefined
and users do not have the freedom to change them. However,
the ability to register a user-preferred keyword will enable more
personalized user interactions. The main challenge of such sys-
tems is that the keywords can be out of the training distribution
and the system should also be small and efficient enough to run
on an edge device with low latency.

Many open-vocabulary keyword spotting systems rely on
the Query-by-Example (QbyE) approach to tackle the problem.
The approach uses a distance function to compare the embed-
dings between the enrollment and query keywords. If the dis-
tance is smaller than a certain threshold, the query is considered
to be the same keyword as the enrollment, thus triggering the
system. A QbyE model usually has an encoder to convert the
input audio signal to an embedding in vector space and a de-
coder (last few layers) to maximize the distance between differ-
ent class embeddings while minimizing the distances of those
that belong to the same class. Most of the QbyE systems in lit-
erature use Recurrent Neural Networks (RNNs) as the encoder
to extract the embeddings [1, 2, 3, 4] since RNNs can project
variable-duration inputs onto a fixed-size vector representation.
Convolutional Neural Networks (CNN) based models, on the
other hand, have been successfully used in several audio tasks
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such as acoustic scene classification [5, 6] and sound event de-
tection [6], achieving state of the art results. They were also
used to tackle problems similar to QbyE KWS such as Spo-
ken Term Detection (STD) [7] and Keyword Spotting [8, 9]. A
CNN approach using bottleneck features was proposed in [10]
and was shown to outperform Dynamic Time Warping (DTW)
approaches in low-resource QbyE STD tasks.

In this work, we introduce an edge friendly CNN architec-
ture inspired by the MLPMixer [11]. The MLPMixer is a re-
cently proposed model that only uses Multilayer Perceptrons
(MLPs). Other similar MLP-based models were also proposed
[12, 13, 14]. These models achieved competitive performance
on the ImageNet [15] dataset. Most recently, MLPMixer was
adapted to the QbyE open-vocabulary keyword spotting prob-
lem and outperformed some of the state-of-the-art CNN and
RNN models [16]. The MLPs can be viewed as a special
case of CNNs (e.g. with 1x1 convolutions). However, since
CNNs provide more flexibility, we first construct a convolu-
tional equivalent version of MLPMixer called ConvMixer. We
then studied the effectiveness of adding different mechanisms
that were generally used in light-weight CNNs to the Con-
vMixer. For example, we explored adding depthwise convolu-
tion, Squeeze and Excitation (SE) layer [17] that is successfully
used in MobileNet [18], and EfficientNet [19] family of mod-
els. Further more, we replaced the convolution with dynamic
convolution [20] to our small footprint ConvMixer. By adding
dynamic convolution, we are able to boost the performance of
our model by a large margin while adding a small number of
extra parameters and multiply-accumulates (MACs).

In summary, our contributions are as follows: (1) We pro-
pose an efficient and effective ConvMixer model with dynamic
convolution. (2) We compare the performance of our proposed
model against strong baselines on the publicly available Hey-
Snips and Hey-Snapdragon datasets in various far-field and non
far-field settings. (3) We showcase the impact of dynamic con-
volution and its attention mechanism on the performance of our
model using ablation experiments. (4) We discussed the impor-
tance of having an evaluation system that accurately reflects the
model’s performance, and we detailed our evaluation methods
which can serve as a discussion point for future work.

2. Methods

We use an 81-dimensional Mel-frequency Cepstral Coefficients
(MFCCs) with 128 mel filterbanks extracted from 1s long au-
dio with window of 25 ms and stride of 12.5 ms as input to
the model. This will give us features with the following di-
mensions: 1 channel x 81 MFCCs x 81 time steps. We apply
CMVN on the temporal dimension to normalize the MFCC fea-
tures. Since the channel dimension is 1, we will omit it in this
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paper for simplicity.

The outline of the proposed system is depicted in Figure 1.
We focus on optimizing the encoder network so the keyword’s
acoustic information can be mapped to a low dimensional em-
bedding. A simple fully connected linear classifier is added on
top of the embeddings and used only during training.
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Figure 1: Encoder-decoder system architecture with dynamic
ConvMixer blocks

2.1. MLPMixer vs. ConvMixer

Our convolution architecture is inspired by the recently pro-
posed MLPMixer architecture [11], which replaces the atten-
tion mechanism and positional encoding in ViT [21] with pure
MLPs and achieves competitive performance on many vision
tasks. In this paper, we implement a convolutional version of
the MLPMixer called ConvMixer. As we know, a linear layer
can be seen as 1x1 convolution or single-channel depthwise
convolution of the entire receptive field [11]. We opt for the
first interpretation and thus, in our implementation, we first con-
sider the feature dimension m from the input X € R™*™ as the
channel dimension, and apply two 1x1 convolutions (W1 and
W2) to X to form the feature mixing output U € R™*™. We
then consider the temporal dimension from U as the input chan-
nels to another two 1x1 convolutions (W3 and W4) to form
the time mixing output Y € R™*"™. Formally, we used the
following equations:

U=X+SE(c(X*Wji))* W

Y = U+ (SE (a(UT*W3)) « Wa)T M

For feature mixing, we first use W1 € R™*9 to change the
input channel from m to g, then use Wa € R9*™ to project
the channel from g back to m, so that the residual connection
can be applied. We used ReLU as the activation function o. We
then take the transpose of the output U from feature mixing,
and perform similar operations on it to generate the time mix-
ing output Y. Concretely, W3 € R™ " projects the channel
dimension from n to h and W, € R**™ projects it back to n.
We used the modular design from the MLPMixer to keep the
model size small.

In addition, between two convolution layers in each mixing
block, we added an SE layer to improve model performance.
SE can be viewed as a channel attention mechanism. It first uses
global average pooling to reduce the feature map to a singular
value on each channel. This changes the feature map size from
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C x F to C x 1, where C is the channel dimension and F is the
feature dimension. It then uses a Fully Connected (FC) layer
to project the “squeezed” feature C' x 1 to a bottleneck hidden
layer with size C'/, where ~ is a reduction factor. We choose
v = 4 (the default value for the SE layer) in our architecture.
Finally, it uses another FC layer to project the hidden space back
to C' x 1. We use ReLU activation after the first FC and sigmoid
activation after the second FC. This output is then used to scale
the channels of the input to SE layer. Note that we removed
LayerNorm from the original MLPMixer since our experiments
showed that removing it results in better performance for our
task (See section 4.1 for details).

2.2. Dynamic Convolution

Dynamic convolution was proposed by [20] in the stream of
dynamic neural networks [22, 23]. It improves the performance
of small vision models by introducing a small computational
overhead. Dynamic convolution applies the attention mecha-
nism to convolution kernels. Specifically, it replaces the tra-
ditional single convolution kernel W with K convolution ker-
nels W, and aggregates them together using softmax weights.
We used K 4 convolutional kernels in our model. The
weights for each kernel is dependent on the input, so differ-
ent inputs will result in different weights for each kernel. The
weights and kernels are aggregated dynamically as follows:
W = >, m(X) * Wy. Extra MACs are introduced by com-
puting the attentions 7 (X ) and aggregating the kernels, and
extra parameters are introduced by the K parallel convolution
kernels. It is important to note that the attention weights are cal-
culated using the computationally efficient SE layer (The same
SE concept mentioned in Section 2.1 but with softmax instead
of sigmoid). Therefore, given that our kernel size is 1 x 1, this
only adds 33.8K parameters and 672K MACs. We plug in the
dynamic convolution to our ConvMixer model by replacing all
the W; with W; (i = 1,2, 3,4) in Equation 1.

3. Experiments

The models were trained using the LibriSpeech [24] dataset fol-
lowing the procedure in [4]. We used the most frequent 10K
words from LibriSpeech as our output classes.

We followed the training procedure outlined in [20] and de-
cayed the attention temperature from 34 to 1 in steps of 3 every
epoch. During inference, we observed that adding the temper-
ature parameter serves as a regularization mechanism and ac-
tually improves the performance of the model. This can be at-
tributed to the fact that our testing task is different from the one
we optimize for during training. We observe that dividing all
attention scores by a temperature of 34 before computing the
softmax in the SE layer helps improve generalization.

3.1. Evaluation Dataset

The models are evaluated on two publicly available datasets:
Hey-Snips [9] and Hey-Snapdragon [25]. Hey-Snips dataset
contains positive samples of a single keyword: “hey snips”,
we used all the 40 speakers with at least 10 utterances from its
test set as positive samples for evaluation. There are four key-
words in Hey-Snapdragon dataset: “hey android”, “hey snap-
dragon”,“hi lumina” and “hi galaxy”. The keyword “hi galaxy”
has 934 utterances from 42 speakers while the others have 1,112
utterances each from 50 speakers. For each keyword from each
speaker, three utterances were randomly selected for enrolling
and the rest are used for positive querying. The negative sam-



ples in our evaluation is the negative Hey-Snips test set. It con-
tains about 20K utterances of general sentences totaling 23.30
hours.

For both positive and negative queries, we added “non far-
field” and “far-field” settings to evaluate our model. For each
dataset, we generate 3 scenarios (clean, 10dB, and 6dB SNR)
under “non far-field” and “far-field” conditions. This results in
6 situations in total for positive queries. To simplify the eval-
uation, negative samples were augmented into two scenarios:
“non far-field” and “far-field”. For the “non far-field” negative
set, we first added noise to the negative samples at 6dB and
10dB, then we randomly picked half samples from both SNRs
and used the mixed set as our negative set. Similarly, the same
procedure was followed for the negative set of the “far-field”
condition but with far-field effects added on top of the noise.

For the non far-field condition, we added noise from the
Microsoft Scalable Noisy Speech Dataset (MS-SNSD) [26] to
the keywords with 10dB and 6dB SNR. For “far-field” situation,
we followed the kaldi [27] implementation of [28] to add far-
field effects using the following equation:

o[t] = xft] « hs[t] + D malt] = halt] 2)
where x,[t] represents simulated far-field speech, x[t] and
hs[t] represent the audio signal and the corresponding Room-
Impulse-Response (RIR), n;[t] and h;[t] represent a point-
source noise and its corresponding RIR. Specifically, we ran-
domly choose one RIR provided from [28] as hs to add to the
input audio signal x, and another random RIR as h; to add to a
point-source noise sampled from the MS-SNSD noise folder.

The noises and RIRs we added to the evalution dataset are
noise-test from MS-SNSD and real_rir from [28]. Note that for
training, we used noise-train from MS-SNSD and simulated_rir
from [28].

3.2. Evaluation Method

During our evaluation, we observed that the Voice Activity De-
tection (VAD) filtered data reflected the model’s performance
more accurately since some models are able to obtain good re-
sults by being biased by the amount of silence in the audio. For
example, we found enroll and positive queries tended to have
more silence in the beginning and the end of the recorded au-
dio clip than the negative queries due to the methodology with
which data was recorded. A model may show good results by
only comparing the silence portion between the enrollment and
the query which results in subpar performance in a real-world
streaming setting. Therefore, to emulate real-world conditions,
we used a VAD model [29] to remove the silent portions of
audio in the Hey-Snips and Hey-Snapdragon datasets. Using
the VAD reduces the average utterance length from 3.96s to
1.69s for positive Hey-Snips queries and from 1.10s to 1.01s
for the Hey-Snapdragon queries. This results in all enrollments
and positive queries in our evaluation data to be shorter than
2s. Hence, we limit the size of the enrollment audio to 2s and
have an audio buffer that is 2s long for storing incoming au-
dio during the query phase. Since the model was trained on
1s long audio, we chunk the input audio into 1s long chunks
with a stride of 100 ms. For example, a 2s long audio pro-
duces 11 1s chunks which are then fed to the model to produce
11 embeddings q. To match the size between the enrollments
and the query, we simply convolve the enrollment embeddings
e with the query embeddings gq. The cosine distance between
the e and g is then computed. Typically, multiple distances will
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be generated from each enrollment e;. These distances can be
aggregated (we call this micro-aggregation) to form a final dis-
tance d; for each e;. On top of that, another aggregation (we
call this macro-aggregation) can be applied to d; to generate
the final decision value d. From our experiments, we found that
mean macro-aggregation and minimum micro-aggregation gave
the best results among the four different combinations of mean
and minimum functions for macro and micro-aggregation.

In order to make the negative samples simulate the stream-
ing setting without concatenating it, we extract 2s long win-
dows from the query samples. Any samples shorter than 2s are
randomly zero padded on both sides. For the 10dB and 6dB
environments, we add noise to the extracted query at the corre-
sponding SNR.

4. Results
4.1. Model Construction

In this section, we experimentally show how different compo-
nents were assembled together in our DyConvMixer. We use the
convolutional equivalent of the MLPMixer without LayerNorm
as our base model. We also experimented with components
such as depthwise convolution and SE by adding them between
the two convolutional layers in the conv blocks. These compo-
nents were successfully used in MobileNet and EfficientNet and
resulted in improved performance. The depthwise convolution
layer used the same number of input and output channels output
by the first convolutional layer in the conv block. In addition,
we investigated dynamic convolution which was specifically de-
signed for improving the performance of small models. Added
to that, we also tested the effectiveness of LayerNorm since it
was used in the original MLPMixer architecture.

As shown in Table 1 (for simplicity, we report the av-
eraged FRR across clean, 10dB and 6dB here), surprisingly,
adding LayerNorm (LN) and depthwise convolution (Depth) to
the ConvMixer degraded its performance. On the other hand,
adding an SE block improved the performance in all condi-
tions. Among all the components we added, dynamic convolu-
tion (Dy) shows significant performance improvements. Based
on our observation of the experiments, we added both Dy and
SE components together with the ConvMixer to form our Dy-
ConvMixer as illustrated in Figure 1. Comparisons in later sec-
tions are all based on this architecture.

Table 1: FRR (%) at 0.3 FAs per hour for various components

Model Non far-field Far-field
Hey-Snips Snapdragon | Hey-Snips Snapdragon
Base 23.69 15.06 50.95 41.60
+LN 24.05(40.36) 24.00(45.04) | 48.21(_2.74) 47.28(45.68)
+ Depth 33.71(410.02)  21.46(46.40) | 55.12(44.17) 46.6015.00)
+SE 20.64(—3.05) 1429 _o.77) | 40.71(_10.24y  39.56(_2.04)
+ Dy 4.27(_19.42) 6.58(_5.48) 19.76(_31.10)  23.25(_18.35)
+ Dy + SE 3'09(—20.60) 5.51(,9;,5) 13.69(,37_26) 23.55(,]&05)

4.2. Benchmark Comparison

We selected three categories of baseline models to compare with
DyConvMixer: (1) An RNN-based GRU-ATTN [4] which also
reported open vocabulary keyword spotting performance on
Hey-Snips. (2) MobileNet and EfficientNet: MobileNetV2[30]
and V3[31] have been adapted to many audio problems and
achieved state-of-the-art [32, 6] results. From the EfficientNet
family, we included BO and B1[19] as they have relatively small



model sizes. (3) ViT, which gained popularity in vision tasks,
and was also adapted to the keyword spotting task [33]. Table
2 shows that DyConvMixer is significantly smaller compared
than the baseline models. In particular, it has less than half
the number of parameters in GRU-ATTN and less than half the
number of MACs in MobileNetV3.

Table 2: Number of parameters (M) and MACs (M)

Model Params MACs Model Params MACs
GRU-ATTN [4] 0.55 41.23 | EfficientnetB1 [19] 6.51 58.66
MobileNetV2 [30] 2.22 29.22 ViT [21] 0.96 77.06
MobileNetV3 [31] 297 2224 ConvMixer 0.15 10.30
EfficientnetBO [19] 4.01 39.06 Ours 0.19 10.97

Tables 3 and 4 show the False Rejection Rate (FRR) at 0.3
False Acceptance per hour under “non far-field” and “far-field”
conditions respectively. Our model shows comparable results
to MobileNetV3 and EfficientNetB1 under the “non far-field*
setting. For the “far-field” setting, DyConvMixer gives much
best results on the Hey-Snips dataset, but is outperformed by
MobileNetV3 by about 6% on the 10dB and 6dB noisy Hey-
Snapdragon dataset.

Table 3: FRR (%) at 0.3 FAs per hour for clean, 10db and 6db
“non far-field” condition.

Hey-Snips Snapdragon
Model clean 10dB  6dB | clean 10dB _ 6dB
RNN-ATIN[4] 143 536 11.07 | 132 1345 26.12
MobileNetV2 [30]  1.07 4.64 1250 | 1.61 625 1247
MobileNetV3 [31] 036 536 1643 | 093 423 10.05
EfficientnetBO [19] 071 571  7.14 | 224 772 1466
EfficientnetB1 [19] 036  3.93 1071 | 1.17 5.1 11.83
ViT [21] 607 1179 17.14 | 743 2363 3524
Ours 071 250 6.07 | 087 485 10.80

Table 4: FRR (%) at 0.3 FAs per hour for clean, 10dB and 6dB
“far-field” condition.

Hey-Snips Snapdragon
Model clean 10dB _ 6dB | clean 10dB _ 6dB
RNN-ATTN [4] 857 2250 2929 | 12.68 3875 51.79
MobileNetV2 [30]  15.36 27.86 37.86 | 2041 3357 41.88
MobileNetV3 [31] 1321 27.86 37.50 | 1026 2035 31.45
EfficientnetBO [19] 1179 24.64 34.64 | 1468 31.05 43.33
EfficientnetB1 [19] 12.86 2250 3429 | 13.87 28.74 40.25
ViT [21] 1321 2571 3524 | 2631 5219 6021
Ours 607 1357 2143 | 713 2625 37.26

4.3. Ablation Study

In this section, we study the impact of the attention mechanism
in dynamic convolution as well as the performance improve-
ments resulting from adding dynamic convolution to the Con-
vMixer.

4.3.1. Attention Mechanism

To understand the value that the softmax attention mechanism
brings to dynamic convolution, we experimented with the origi-
nal softmax along with 2 other aggregations to the convolutional
kernels. The first aggregation is to simply average the kernel
weights so the aggregation no longer depends on the input. The
second aggregation is by selecting the convolutional kernel with
the maximum softmax weight. This will inform us whether the
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Figure 2: ROC on the Hey-Snips and Hey-Snapdragon datasets
under the non far-field and far-field settings

attention mechanism is performing kernel selection. Table 5
shows that softmax aggregation outperforms mean and max ag-
gregation. This indicates that the attention mechanism is able to
adapt to its input effectively.

Table 5: FRR (%) at 0.3 FAs per hour for various aggregation
mechanisms.

A Non far-field Far-field

&8 Hey-Snips  Snapdragon | Hey-Snips Snapdragon
Mean 7.50 7.06 17.74 30.08
Max 9.4l(+1_9]) l2.88(+5_82) 27.02(+9_23) 37-70(+7.62)
Softmax 3.09(,4_41) 5.51(,1.55) 13.69(,4405) 23.55(,5.53)

4.3.2. Dropping Dynamic Convolution

In our network, there are two convolution operations per block
(excluding the SE layer), we experimented with replacing either
convolution kernel with dynamic convolution and observe how
it impacts performance. Table 6 shows that replacing a single
convolution layer with dynamic convolution results in a large
boost and replacing both convolutions performs best.

Table 6: FRR (%) at 0.3 FAs per hour for dynamic conv layers

Non far-field Far-field
DyCl | DyC2 Hey-Snips Snapdragon | Hey-Snips Snapdragon
No No 20.36 14.29 40.71 39.56
Yes No 3.81(_16.55) 7.15(_7.14) | 15.00(_25.71)  38.58(_0.98)
No Yes 6.31(,14_05) 8.11(,5_18) 15.24(,2547) 26.10(,13_45)
Yes Yes 3.09 1707y 551(g7s) | 13.69 2702 23.55 16.01)

5. Conclusion and Future Work

This paper presents DyConvMixer, an efficient and effective
model on the QbyE KWS task. By constructing a convolu-
tional equivalent of the MLPMixer architecture and adding SE
and dynamic convolution, we obtain a competitive model with
less than 200K parameters and around 10M MACs. Com-
pared to other baselines, our model performs the best on most
environments and has strong performance on the noisy Hey-
Snapdragon dataset while having less than half the number of
parameters and MACs. We show that replacing convolutional
kernels with dynamic convolution results in a large boost in per-
formance while only adding 27% more parameters and 6.5%
more MACs. We detailed our evaluation pipeline and bench-
marked our model on publicly available datasets. Finally, we
conducted an ablation study to showcase the effectiveness of
different components in dynamic convolution.
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