Interspeech 2022
18-22 September 2022, Incheon, Korea

Keyword Spotting with Synthetic Data using Heterogeneous Knowledge
Distillation

Yuna Lee, Seung Jun Baek

Korea University, Republic of Korea
{ylee5813, sjbaek}@korea.ac.kr

Abstract

It is crucial that Keyword Spotting (KWS) systems learn to un-
derstand new classes of user-defined keywords, which howev-
er is a challenging task requiring high-quality audio datasets.
We propose KWS with Heterogeneous Embedding Knowledge
Distillation (HEKD) which uses only synthetic data of unseen
keyword classes. In HEKD, a reference model transfers the het-
erogeneous knowledge on seen classes to the student model for
classifying keywords of unseen classes. By mimicking the em-
bedding function of reference model trained on real data via a
contrastive learning approach, we show that student model can
learn to discriminate unseen keyword classes guided by syn-
thetic data. In addition, we propose to maximize the dispersion
of embedding clusters of unseen keywords with approximation
guarantees in order to enhance the inter-class variability. Ex-
periments show that HEKD outperforms baseline schemes us-
ing few-shot learning and those pre-trained on a large volume
of data, demonstrating its effectiveness and efficiency.

Index Terms: keyword spotting, contrastive learning, audio
synthesis, speech embeddings, zero-shot learning

1. Introduction

Keyword Spotting (KWS) has been actively explored with ap-
plications to on-device voice assistant services such as Google
Assistant, Apple Siri, etc. [1]. As the demands on personalized
services arise, the task of learning user-defined keywords, such
as buzzwords and jargons which were unseen by the device,
became important for KWS systems. Most of KWS studies
[2, 3, 4,5, 6] have focused on lightweight models which regard
the entire unseen keywords as belonging to unknown class. S-
ince gathering training data for user-defined keywords requires
much time and effort, there have been attempts to leverage mod-
els pretrained on a large-scale audio dataset [7] for customized
keyword classification through fine-tuning or transfer learning.
In the case of transfer learning, several works [8, 9, 10] have
utilized contrastive learning on large-scale audio datasets. Al-
though these methods have made great progresses, they did
not directly tackle the data-scarcity problem of unseen classes
[11]. A number of studies attempted to maximize the utilization
of a limited amount of data, e.g., Metric Learning [12], Meta
Learning [13, 14], and self-supervised learning [15]. Some s-
tudies have used synthesized data obtained by Text-to-Speech
(TTS) methods [16, 17, 18], although they focused mostly on
binary classification which distinguishes keywords from non-
keywords. Moreover, domain gap between the synthetic and re-
al domains [19] resulted in limited performances in classifying
samples in real audio.

In this paper, we propose Heterogeneous Embedding
Knowledge Distillation (HEKD) to train KWS networks for un-
seen classes with synthetic data only. The idea is depicted in
Fig. 1. There is a reference model f pretrained on seen class-
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Figure 1: {“on”,“off”} are keywords in seen classes.
{“yes”, “no”} are keywords in unseen classes. “yes” is paired
with “on”, and student model g learns to assimilate the em-
beddings of “yes” to those of “on” guided by reference model

es of real audio, whereas our goal is to train student model g
in synthesized audio. In HEKD, reference f transfers hetero-
geneous knowledge for discriminating seen classes to student
g for discriminating unseen classes. As in Fig. 1, unseen class
“yes” and seen class “on” are paired. g learns to embed “yes”
in the way f embed “on”. Similarly if g embeds “no” (unseen)
in the way f embeds “off” (seen, paired with “no”). g can dis-
criminate “yes” and “no”, because f is already trained to dis-
criminate “on” and “off”. Such knowledge on class separation
was bestowed to f through real audio. We show that g can also
perform reasonably well in real audio by mimicking the em-
bedding function of f, even though the training of g is guided
by synthetic data. We take a contrastive approach, i.e., paired
classes “pull” and unpaired classes “push” as in Fig. 1, in trans-
ferring heterogeneous knowledge. In this way, g can emulate
the embedding function of f with different classes of data.

Our scheme uses synthetic data only, thus can be regard-
ed as a zero-shot method, because virtually any keyword can
be synthesized through TTS. In this respect, our work is com-
parable to Data-Free Learning (DAFL) [20] in that it uses da-
ta synthesis to train smaller models under the supervision of a
trained teacher network. While DAFL focuses on transferring
knowledge of seen classes to the student model by synthesizing
data on the fly, we focus on training the model by transferring
heterogeneous knowledge from seen classes to unseen classes.

Moreover, we propose Maximum Dispersion Pairing,
which is a 2-approximation algorithm for making the cluster-
s of unseen keywords, whose locations are learned from seen
classes, as dispersed as possible in the embedding space so as to
improve the inter-class variability. We also propose Contrastive
Heterogeneous Distillation, by which the forming of clusters
of unseen keywords are guided by those of seen keywords in a
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Figure 2: Overview of HEKD framework. S and U denote synthetic dataset of seen and unseen classes respectively. (1) Maximum
Dispersion Pairing: K farthest centroids of seen classes are selected, and unseen and selected seen classes are matched as pairs. (2)
Contrastive Heterogeneous Distillation: given embedding output z,, from student model g of an unseen keyword, positive embedding =%
and z,, are pulled together while negative embedding zg is pushed away. (3) Synthetic Fine-tuning: after the heterogeneous distillation,
the encoder of g is used as fixed backbone to train a classifier C' on synthetic dataset U of unseen classes.

contrastive manner. Through experiments we compare HEKD
with schemes trained on a small number of real audio samples,
i.e., a few-shot setting, or embedding models pretrained on large
amount of data. We show that HEKD outperforms these base-
lines, demonstrating the effectiveness in bridging the domain
gap between real and synthesized data.

2. Methods
2.1. Outline

Our framework uses two models: reference model f pretrained
on seen classes, and student model g to be trained for unseen
classes. The number of seen and unseen classes are denot-
ed by N and K respectively. Reference model f is regarded
as a “black box” whose weights are “frozen” during the entire
learning process. f is pre-trained only on N seen classes of
keywords in real audio. Typically f would represent relatively
bigger models handling a larger number (V) of classes . By
contrast, student function g represents smaller models for clas-
sifying less (K) classes of user-defined keywords, with small
memory footprint suitable for portable devices and application-
s. Thus we assume that K < N.

Since f is trained only on the actual audio data of seen
classes, it can cause overfitting or negative transfer [11] if un-
learned classes are trained through existing methods such as
fine-tuning [21] or transfer learning [22]. Besides, if g is trained
with synthetic data only, the performance will be poor due to the
domain gap between the synthetic and real domains [19]. We
intend to train g such that g can emulate the feature embed-
ding function f learned from real data in the embedding space
although f is trained for different keyword classes.

Our strategy is as follows: for each unseen class ¢, we find
seen class cs, such that (cs, ¢, ) becomes a matched pair. We let
g learn to embed class-c,, keywords in the way f embeds class-
¢s keywords. Thus, the transfer of knowledge from f to g is for
different classes of data where f and g can be different type-
s of models as well, which we call heterogeneous embedding
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knowledge distillation. Suppose g would like to discriminate
keywords in, say class ¢, # c, from those in c,. Suppose
(cl, c,,) is a matched class pair. Since keyword clusters from c;
and ¢, are well-separated by f, those of ¢, and c;, will be also
well-separated in the embedding space of g, if g can mimic the
class separation from f. Moreover, f was trained to separate c;
and ¢, based on the real data in those classes. This will make
cs and ¢} to be further separated compared to the case where
f were trained only on synthetic datasets, because in that case
clusters cs and ¢, would have occupied smaller region in the
embedding space [19], or the clusters of synthetic data can even
be included in the clusters of real data embeddings, because real
data provides more general representation of audio. g can lever-
age such large separation to discriminate ¢, and c,,, leading to
improved classification performance.

Thus, our goal is to create matched (seen,unseen) pairs of
classes, and train g guided by f. It is guaranteed that each un-
seen class has always a matching pair because K < N. The
following issue need to be addressed in the design:

(a) The (seen,unseen) class pairs should be matched such
that, K clusters of matched classes of seen keywords are
as far apart as possible, in order to maximize inter-class
variability in unseen classes.

(b) Student g should be trained such that the embeddings of
keywords of classes in a matched pair should be close,

and those from unmatched pairs should be far apart.

To that end, we propose HEKD which consists of two parts: (a)
Maximum Dispersion Pairing (MDP), (b) Contrastive Hetero-
geneous Distillation.

2.2. Maximum Dispersion Pairing

Our goal is to choose K out of N seen classes of keywords,
such that those K keyword clusters of embeddings are located
as far as possible from each other. Firstly we find a set of IV
cluster centroids, one for each seen class. To do so, we gen-
erate a number of synthesized keywords in seen classes, and



compute the centroids of outputs from f averaged over the gen-
erated data. Let 1" denote the set of computed centroids, where
T contains /N embedding vectors. We would like to find subset
S C T which solves the following optimization problem:

maximize  min d(u,v)
u,veS
subjectto S CT, |S|=K

where d(u, v) denotes the Euclidean distance between points u
and v. This combinatorial problem is equivalent to discrete p-
dispersion problem [23] which is known to be NP-hard. Thus
we will use a greedy algorithm proposed by [24] as follows.
We begin by S = {u,v} where u and v are two centroids in
T which has the maximum inter-distance. Next we update S
incrementally by iteratively adding a centroid which maximizes
the minimum distance to the centroids in S until |S| = K. The
greedy algorithm was shown to be a factor 2 approximation to
discrete p-dispersion [24]. Once we find S, we randomly match
unseen classes to the seen classes associated with the centroids
in S. Pseudocode of MDP is provided in Algorithm 1.

2.3. Contrastive Heterogeneous Distillation

We perform Contrastive Heterogeneous Distillation, in which
reference model f will transfer the knowledge of separating
keywords of seen classes to student model g with respect to
unseen classes. f and g will take different inputs from seen and
unseen classes respectively during the training of g. We will
take a contrastive learning approach as follows.

As shown in Figure 2, g consists of encoder Fy(-) and pro-
jection head h(-). The purpose of / is to match the dimensions
of the output embeddings from f and g. h(-) is implemented
as a 2-layer Multi-Layer Perceptron (MLP). Consider a syn-
thetic sample (., y.) from unseen classes where z,, denotes
a synthesized keyword and ¥, denotes its class. Let the output
embedding vector from g by z, i.e., zu = g(zu). Next, con-
sider synthetic sample (x5, y,) from seen classes. The output
embedding from reference model, or f(xs), is considered a pos-
itive embedding with respect to z,, if classes ys and y,, is a pair
matched through MDP, and a negative embedding otherwise.

We adopt contrastive loss function Lon to minimize (resp.
maximize) the differences in embeddings from matched (resp.
unmatched) class pairs. Let the output embeddings from f of
positive sample and negative sample in seen classes be zf and
zi'. We use Supervised Contrastive (SupCon) loss [25] for every
unseen classes embedding vector z, to pull positive samples z,
while push negative samples z,, away in the embedding space:

_ exp(zu - 28/7)
ﬁcon - Z Z log 221} exp(zu . Z?’/T)

u€eB Z:g

(C))

where - denotes the dot product, B is the minibatch , and hyper-
parameter 7 = 0.1 denotes the temperature.

Our framework have connections with prior methods on
contrastive domain generalization [26, 19, 27]. Our method d-
iffers in that it jointly learns to lessen the disparity between real
and synthetic domains and to emulate the embedding function
of pretrained models. In addition, our framework allows the s-
tudent model to be of smaller size than the pretrained reference
model.

In order to densely cluster data within the same class, we
use center loss [28] to minimize the intra-class variability. The
idea is to reduce the distance between each embedding of the
class and the centroid of the embeddings of the corresponding
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Algorithm 1 Maximum Dispersion Pairing

1: Input: Synthetic Dataset D, for seenclassc =1,--- , N,
pretrained model f

: Output: Set S of K centroids with maximum dispersion

S+ 0,T « 0,

: foreachclassc=1,--- , N do

T « T U{E[f (D)}

u*,v" = argmax,, , o d(u,v)

S+ {u*,v"} > Initialize S

: while |S| < K do > Greedy update of S

u” = argmax, ¢ g [Minyes d(u, v)]

S+ Su{u}

> Calculate centroids

R A A R o

—
=4

class in minibatch. The loss is denoted by L., with the embed-
ding vector z,, with center c,, for class label y,, in minibatch

B: )
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@

The total loss function is given by £ = Lcon, + ALcen Where
hyperparameter A = 0.1 balances two losses.

After the heterogeneous distillation, we use the trained E
as backbone, and train a classifier C' using synthesized dataset,
which we call synthetic fine-tuning. C is a fully-connected layer
appended to E/, where Ej is frozen in this stage. The purpose
is to separate training processes associated with distillation and
classification, i.e., the distillation involving f and g should not
be interfered by training a classifier involving g only. We train
C with additional synthetic samples of unseen classes, and use
cross entropy loss Lo k.

3. Experiments
3.1. Experiment setup

Dataset. We conducted our experiments on the synthesized
dataset which has the same classes as Google Speech Com-
mands dataset (GSC) v0.01 [29]. We synthesized audio data
with pretrained vocoder network [30] by using the Librispeech
ASR Corpus dataset [31]. We generated 3,150 audio data per
class using 251 speakers’ voices. We set 4-way (‘right’ ‘down’,
‘go’, ‘one’) and 5-way (‘cat’, ‘yes’, ‘house’, ‘wow’, ‘seven’)
for unseen classes. We consider two cases for seen classes: 10
seen classes as (‘marvin’, ‘up’, ‘on’, ‘happy’, ‘dog’, ‘eight’, ‘of-
f, ‘five’, ‘three’, ‘six’), and (‘bed’, ‘stop’, ‘left’, ‘two’, ‘zero’)
classes were added for 15 seen classes. We tested our method
on unseen classes of test dataset of GSC v0.01.

Baselines. In this paper, we compare our methods with three
baselines: FS-KWS [13], MAML-EXT [14], and Embed-Head
[32] where FS-KWS and MAML-EXT are based on few-shot
learning approaches. FS-KWS exploits the average value of
feature embeddings from seen classes, so that samples from un-
seen class can be inferred to the closest seen class. MAML-
EXT applied Model Agnostic Meta Learning [33] approach to
adapt unseen classes based on seen classes. The Embed-Head
method uses fine-tuning of an embedding model pretrained on
200 million audio clips.

Implementation Details. The input audio is sampled at 16kHZ,
and is transformed into a Log-amplitude Mel-Spectrogram ten-
sor after Short-Time Fourier Transform (STFT) is applied. For
reference model f, we used ResNet18 and ResNet50 [34] which
is pretrained on real data of seen classes of GSC v0.01. For stu-
dent model g, we used small encoder model ResNet10 and C64



Table 1: 4-way Classification

Method Encoder 1-shot 5-shot 10-shot
MAML-EXT [14] - 55.61% 65.39% 71.74%
Co4 64.96% 84.08%  87.03%
FS-RWS [13] ResNet10 70.03% 85.80%  89.66%
Embed-Head [32] - 92.60%
f g 10-seen 15-seen
Co4 88.68% 90.04%
HEKD (ours) ResNetl8 g o oNet10 92.01% 93.71%
W ResNet50 Co4 89.63% 89.30%
ResNet10 92.49% 92.27%
Table 2: 5-way Classification
Method Encoder 1-shot 5-shot 10-shot
MAML-EXT [14] - 47.48% 61.15% 64.78%
Co4 60.33% 82.90% 83.98%
FS-KWS [13] ResNet10 68.25% 84.05% 85.70%
Embed-Head [32] - 89.95%
f g 10-seen 15-seen
. Co64 88.64% 88.14%
ResNetl8 g eoNet10 92.48% 92.22%
HEKD (ours) ResNetso C64 90.03% 86.98%
ResNet10 92.24% 90.51%

[35]. LARS optimizer is used [36] with learning rate of 3.0 and
batch size of 2048 for 200 epochs.

3.2. Results

Performance Comparison. We compared performance of
HEKD with aforementioned baselines. Table 1 and 2 show the
classification accuracy for unseen classes. HEKD shows better
accuracy in most cases than the baselines using few-shot learn-
ing, i.e., FS-KWS [13] and MAML-EXT [14]. The results show
that an appropriate usage of synthetic data can be better than
learning through a small amount of real data.

Embed-Head [32] shows good performance in overall for
4-way task. However, HEKD outperforms Embed-Head when
there are 15-seen classes with g is based on ResNet10. For 5-
way task, however, Embed-Head showed lower accuracy than
HEKD in most of the cases. Importantly, Embed-Head was
pretrained on 200M real audio clips, thus HEKD can be regard-
ed as a significantly efficient framework for zero-shot keyword
spotting. Presumably the head model of Embed-Head trained
through fine-tuning with synthetic data, did not properly learn
acoustic features of real audio, due to the domain gap between
the real and synthetic data [19].

Next we compare the classification performance in 4-way
and 5-way cases. Note the performance is expected to be de-
graded if the number of unseen classes increases from 4 to 5.
It was shown that the few-shot learning methods (FS-KWS,
META-ext) incurred more severe degradation than zero-shot
learning with synthetic data (HEKD and Embed-Head) when
the number of unseen classes increases. If we compare HEKD
and Embed-Head, the performance degradation of HEKD was
lower than that of Embed-Head. This indicates that our method
can learn more robustly from synthetic data even if the number
of unseen keyword classes increases.

Ablation Study. Firstly we perform ablation study on the Max-
imum Dispersion Pairing (MDP). From Table 3, we compared
MDP algorithm and the random pairing between seen and un-
seen classes. We observe that MDP algorithm outperforms ran-
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Table 3: Keyword Classification comparison on Pair selection
4-way ‘ S5-way
f Encoder ResNet18 ‘ ResNet18
g Encoder ResNet10 ‘ C64 ‘ ResNet10 ‘ C64
Seen classes 10 15 10 15 ‘ 10 15 10 15
Random 89.15% 88.61% 86.41% 82.11% | 88.63% 90.80% 87.27% 84.52%
Ours 92.01% 93.71% 88.68%  90.04% | 92.48% 92.22% 88.64% 88.14%
f Encoder ResNet50 ‘ ResNet50
Random 90.41% 88.57% 86.83% 81.24% | 89.25% 88.51% 87.77% 18.32%
Ours 92.49%  92.27% 89.63% 89.30% | 92.24% 90.51% 90.03%  86.98%

dom pair selection in all cases. We also observe the trend such
that, for fixed networks, the difference in performances for 10-
seen and 15-seen classes are not high for MDP; however, for
random pairing, the performance tends to degrade significantly
in case of 15-seen classes. As the number of seen classes in-
creases, the embedding space of the pretrained model becomes
more “crowded”. That is, the gap between clusters of seen
classes becomes narrow, implying that the minimum distance
between embedding clusters will decrease. Thus, if we use ran-
dom pairing, it is more likely that the randomly selected cluster-
s of seen classes are closely located. Consequently, inter-class
variability will tend to decrease with random pairing, whereas
MDP is robust to such cases, because MDP maximizes the inter-
cluster distances with guaranteed approximation to the optimal
dispersion of clusters.

Next, we perform ablation study for synthetic fine-tuning.
We compared HEKD which is a two-step training process, i.e.,
firstly contrastively trains g for distillation and secondly uses
synthetic fine-tuning for classification, with the scheme which
trains g jointly for distillation and classification. On average,
the proposed scheme obtained gains in accuracy by 1.29% in
4-way and 2.68% in 5-way classification. Thus, it is better to
separate the training processes of distillation and classification
in each of which the network is optimized for different purpos-
es.

4. Conclusion

In this paper, we introduced keyword spotting with synthesized
samples using heterogeneous embedding knowledge distillation
which can learn unseen classes of keywords. The proposed
framework contrastively trains the student model to learn the
separation of keyword clusters guided by the reference mod-
el, however dealing with different classes of data between ref-
erence and student models. We also introduced a method of
matching unseen classes to seen classes which greedily max-
imizes the inter-class variability with approximation guaran-
tees. Experiments showed that HEKD outperformed baselines
based on few-shot learning, and one based on the embedding
backbone pretrained by a large amount of real audio samples,
demonstrating its architectural efficiency.
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