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ABSTRACT

Our application requires a keyword spotting system with a small
memory footprint, low computational cost, and high precision. To
meet these requirements, we propose a simple approach based on
deep neural networks. A deep neural network is trained to directly
predict the keyword(s) or subword units of the keyword(s) followed
by a posterior handling method producing a final confidence score.
Keyword recognition results achieve 45% relative improvement with
respect to a competitive Hidden Markov Model-based system, while
performance in the presence of babble noise shows 39% relative im-
provement.

Index Terms— Deep Neural Network, Keyword Spotting, Em-
bedded Speech Recognition

1. INTRODUCTION

Thanks to the rapid development of smartphones and tablets, inter-
acting with technology using voice is becoming commonplace. For
example, Google offers the ability to search by voice [1] on Android
devices and Apple’s iOS devices are equipped with a conversational
assistant named Siri. These products allow a user to tap a device and
then speak a query or a command.

We are interested in enabling users to have a fully hands-free
experience by developing a system that listens continuously for spe-
cific keywords to initiate voice input. This could be especially use-
ful in situations like driving. The proposed system must be highly
accurate, low-latency, small-footprint, and run in computationally
constrained environments such as modern mobile devices. Running
the system on the device avoids latency and power implications with
connecting to the server for recognition.

Keyword Spotting (KWS) aims at detecting predefined key-
words in an audio stream, and it is a potential technique to provide
the desired hands-free interface. There is an extensive literature in
KWS, although most of the proposed methods are not suitable for
low-latency applications in computationally constrained environ-
ments. For example, several KWS systems [2, 3, 4] assume offline
processing of the audio using large vocabulary continuous speech
recognition systems (LVCSR) to generate rich lattices. In this case,
their task focuses on efficient indexing and search for keywords in
the lattices. These systems are often used to search large databases
of audio content. We focus instead on detecting keywords in the
audio stream without any latency.

A commonly used technique for keyword spotting is the Key-
word/Filler Hidden Markov Model (HMM) [5, 6, 7, 8, 9]. Despite
being initially proposed over two decades ago, it remains highly
competitive. In this generative approach, an HMM model is trained

⇤The author performed the work as a summer intern at Google, MTV.

for each keyword, and a filler model HMM is trained from the non-
keyword segments of the speech signal (fillers). At runtime, these
systems require Viterbi decoding, which can be computationally ex-
pensive depending on the HMM topology. Other recent work ex-
plores discriminative models for keyword spotting based on large-
margin formulation [10, 11] or recurrent neural networks [12, 13].
These systems show improvement over the HMM approach but re-
quire processing of the entire utterance to find the optimal keyword
region or take information from a long time span to predict the entire
keyword, increasing detection latency.

We propose a simple discriminative KWS approach based on
deep neural networks that is appropriate for mobile devices. We
refer to it as Deep KWS . A deep neural network is trained to directly
predict the keyword(s) or subword units of the keyword(s) followed
by a posterior handling method producing a final confidence score.
In contrast with the HMM approach, this system does not require
a sequence search algorithm (decoding), leading to a significantly
simpler implementation, reduced runtime computation, and smaller
memory footprint. It also makes a decision every 10 ms, minimizing
latency. We show that the Deep KWS system outperforms a standard
HMM based system on both clean and noisy test sets, even when a
smaller amount of data is used for training.

We describe our DNN based KWS framework in Section 2, and
the baseline HMM based KWS system in Section 3. The experimen-
tal setup, results and some discussion follow in Section 4. Section 5
closes with the conclusions.

2. DEEP KWS SYSTEM

The proposed Deep KWS framework is illustrated in Figure 1. The
framework consists of three major components: (i) a feature extrac-
tion module, (ii) a deep neural network, and (iii) a posterior handling
module. The feature extraction module (i) performs voice-activity
detection and generates a vector of features every frame (10 ms).
These features are stacked using the left and right context to cre-

Fig. 1. Framework of Deep KWS system, components from left to
right: (i) Feature Extraction (ii) Deep Neural Network (iii) Posterior
Handling

Speech recognition, natural language conversation
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