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ABSTRACT

Accurate and timely recognition of the trigger keyword is vi-
tal for a good customer experience on smart devices. In the
traditional keyword spotting task, there is typically a trade-off
needed between accuracy and latency, where higher accuracy
can be achieved by waiting for more context. In this paper,
we propose a deep learning model that separates the keyword
spotting task into three phases in order to further optimize
both accuracy and latency of the overall system. These three
tasks are: Speculation, Detection, and Verification. Specu-
lation makes an early decision, which can be used to give
a head-start to downstream processes on the device such as
local speech recognition. Next, Detection mimics the tradi-
tional keyword trigger task and gives a more accurate deci-
sion by observing the full keyword context. Finally, Verifica-
tion verifies previous decision by observing even more audio
after the keyword span. We propose a latency-aware max-
pooling loss function that can train a unified model for these
three tasks by tuning for different latency targets within the
same model. In addition, we empirically show that the resul-
tant unified model can accommodate these tasks with desir-
able performance and without requiring additional compute
or memory resources.

Index Terms— keyword spotting, accuracy latency trade-
off, convolutional recurrent neural network, max-pooling
loss, multi-task learning

1. INTRODUCTION

Keyword detection is a key feature for hands-free digital as-
sistants. Different approaches have been proposed for the
keyword spotting problem. A traditional approach employs a
hybrid Deep Neural Network (DNN)-Hidden Markov Model
(HMM) decoding framework, where a DNN is used as an
acoustic model (AM) and the HMM models both keyword
and background speech [1]. In recent years, we have seen
increasing research on DNN-based end-to-end keyword spot-
ting system [2, 3, 4, 5, 6, 7, 8, 9], which predicts the posterior
probability of the keyword directly.

A successful keyword spotting system is expected to have
both high accuracy and low latency. Latency is a key is-
sue for customer experience, since a system that lags behind

user speech feels sluggish. However, most of existing work
only focuses on the accuracy. Among the few works that ex-
plore latency, most of them [2, 6, 10, 11, 12] study compu-
tational latency, i.e., inference time, rather than observational
latency, which is caused when the keyword spotting system
must wait for certain acoustic signals that clearly indicate the
existence of the keyword. In [13], authors propose a two-
stage progressive voice trigger detection system. The first-
stage is an always-on low-power detector, and the second-
stage is a larger verification model that re-scores the key-
word segment marked by the first-stage. However, additional
device resources are needed to run inference of the second-
stage. In addition, more sophisticated training are needed,
since these are two separate models to train, and the second-
stage model training depends on segmentation results from
the first-stage.

In this paper, we fill the gap and study the observational
latency. We propose a unified speculation, detection, and ver-
ification model (USDV) using a convolutional recurrent neu-
ral network (CRNN) architecture [7, 8, 9]. Negligible addi-
tional resources are needed to achieve these three tasks si-
multaneously. The Speculation task is trained to trigger on
the first part of the keyword, before the end of the word is
observed. This output can be used to give a head-start down-
stream speech processing components on the device in order
to reduce end-to-end system latency. The Detection task is
trained to detect a keyword immediately after the full word
is observed. By seeing the full keyword duration, the model
makes a more accurate decision without lagging behind user
speech. The Verification task is intended to wait longer for
more right-hand context, in order to correct mistakes made by
the Speculation and Detection tasks. We propose a latency-
aware max-pooling loss that maximizes accuracy under the
latency constraints we apply. The USDV model is trained
in multi-task learning (MTL) [14] fashion by minimizing the
latency-aware max-pooling losses on these three tasks with
different target latencies. Results show that the unified model
achieves different accuracy and latency trade-off with the new
training loss. In addition, without increasing the size for the
unified model, it performs on the same level as single task
baseline models, indicating the proposed CRNN architecture
have enough capacity to achieve these three tasks simultane-
ously.



2. MODEL ARCHITECTURE

We design a model with convolutional neural network front-
end that has a receptive field of 34 frames and has a stride of
6 frames. In the CNN front-end, each layer is composed of
a convolution layer, a rectified linear unit activation layer, an
optional max pooling layer, a batch normalization layer and
a drop out layer. This behaves as an efficient feature extrac-
tor to model local temporal and spectral dependencies. Its
outputs are vectorized and fed to a long short-term memory
(LSTM) layer, which capture dependencies among different
frames using “gating” mechanism. After the LSTM layer, a
full-connected (FC) layer is used to further transform features
before Softmax output. Due to the similarity of speculation,
detection, and verification tasks, i.e., all of them try to detect
the same word from audio, we share the same convolutional
front-end, LSTM, and FC layer for them to reduce model size.
We only add three output heads with separate linear layers for
dimension reduction and Softmax outputs, as shown in Fig. 1.
The exact layer settings are shown in Table 1. The additional
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Fig. 1. CRNN-based unified speculation, detection, and
verification model architecture, which uses a shared CRNN
model and three output heads for these tasks.

computations to achieve these three tasks simultaneously are
only introduced by these small output heads, hence are negli-
gible. With the layer setting in Table 1, each output head only
requires 200 multiplications, since Softmax layer outputs a
two dimensional score vector for background and keyword.

layer-type CONV LSTM FC
filter-heights 7 5 2 2 2 1 1
filter-widths 5 3 4 3 4 1 1

stride-heights 1 3 1 1 1 1 1
stride-widths 1 1 1 1 1 1 1

pooling-heights 2 1 1 1 1 1 1
pooling-widths 3 2 1 1 1 1 1

num-filters/units 96 128 128 160 160 500 100 100 100

Table 1. CRNN-based USDV model layer settings, where
each column represents settings for a layer. Different number
of output heads can be added after the FC layer to achieve
different tasks.

3. TRAINING LOSS

In [15], we proposed a max-pooling loss for training RNN
models. Rather than minimizing cross-entropy loss on a hu-
man selected frame that requires a lot of domain knowledge
and likely to be suboptimal, the max-pooling loss selects a
frame automatically, on which it minimizes the cross-entropy
loss. For a positive example, it selects the frame that has the
maximum score on the corresponding class, since we only
need the highest score of the class to pass a threshold. For a
negative example, it selects the frame that has the lowest score
on negative class, or highest score on positive class for bi-
nary classification problem, to encourage low positive scores
across all frames. Hence, max-pooling loss tries to maximize
the lower bound of negative scores so that negative scores are
high on all frames. But, this maxpooling loss tends to delay
the detection, since it understands that a more accurate de-
tection, hence lower loss, can be achieved by exploring more
contextual information. In this paper, we propose a latency-
aware max-pooling loss by adding a constraint to original one
as shown in (1).

L(tl) = −log(pyt), (1)

t =

{
argmini (p0i) y = 0

argmaxi∈(i−e<=tl) (pyi) y 6= 0
,

where t and i are frame indices, y is class label, y = 0 is the
negative class, e is the end of the keyword, pyi is the output
score of yth class on the frame i, and tl is the target latency.
On negative examples, this loss still try to maximize the lower
bound of negative score. But, on positive examples, as shown
in Fig. 2, it will discard frames that do not meet latency re-
quirement. Hence, a model learns to detect a keyword within
the target latency, since a later detection won’t reduce loss.
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Fig. 2. Latency-aware max-pooling loss on a positive exam-
ple. By discarding frames that have higher latency, the model
is encouraged to learn to detect within the target latency.

To show the effectiveness of this loss function, we train
three CRNN models using this loss with different target la-
tency, [10, 40, 70]. As shown in Fig. 3, all models learn
to delay the detection. However, their latencies converge to
different values that are determined by their target latencies,
which shows that the proposed loss can effectively control the
latency of the model. In addition, we can see that model with
larger latency achieve lower error rate, which validates the
trade-off between accuracy and latency.
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Fig. 3. Compare error rate and latency over different train-
ing epochs for three models with target latencies, 10, 40, 70.
Over training epochs, models learn to trade latency for accu-
racy. The proposed latency-aware max-pooling loss can con-
trol latency accuracy trade-off effectively.

With the proposed latency-aware max-pooling loss, we
train USDV model in a MTL fashion as shown in (2).

Lmtl = wsL(ts) + wdL(td) + wvL(tv), (2)

where (ws, ts), (wd, td), (wv, tv) are weights and target la-
tencies for speculation, detection, and verification tasks, re-
spectively. By tuning (ts, td, tv), we can achieve different
accuracy and latency trade-off for these three tasks.

4. EXPERIMENTS

In this section, we study USDV performance by comparing
against single task baseline models. We also compare the per-
formance of USDV model with different target latency setups
and with different model architectures. In the following ex-
periments, we always control the false reject rate (FRR) to
a constant value, Cfrr, and compare false accept rate (FAR)
and latency. Latency is calculated as the time difference be-
tween the frame that a model emits a detection and the end
frame of the keyword. We add constant offsets to FAR and
latency to avoid showing absolute performance value, while
still preserving the relative change across all models.

4.1. Data sets

We chose ALEXA as the keyword in all following experi-
ments. We used a de-identified far-field corpus that was col-
lected under different acoustic conditions in real households.
The audio data was sampled with a 16-bit resolution at a 16
kHz sampling frequency. This dataset was further divided
into 39 thousands of hours of training data and 1.4 thousands
of hours of testing data through random sampling. A random
fraction of data from training partition are kept for hyperpa-
rameter tuning.

4.2. Training setup

We use synchronous stochastic gradient descent for training
all models. Two GPUs are used with each mini-batch per
GPU containing 1000 training examples. All models are
trained by 30 epochs, where each epoch has 10, 000 steps.
Model input is 64-dimensional Log Filter Bank Energies
(LFBE) acoustic features computed every 10ms over a win-
dow of 25ms. We use the Adam optimizer with learning rate
of 0.001. Batch normalization is used after every convolu-
tional layers. In addition, we have a global normalization
layer that normalizes training data with mean and variance of
the whole training dataset. From our previous study, dropout
improves model performance, and the best dropout rates are
0.3 for the CNN front-end, 0.1 for LSTM recurrent state, 0 for
LSTM input, and 0.1 for the FC layer after the LSTM layer.
Moving average with decay value 0.99 is used to smooth
the model weights when exporting a model after its training.
Equal weights are used on losses of three tasks.

4.3. USDV vs. single task baseline models

USDV model tries to achieve three tasks without increasing
model size. It is natural to ask whether the CRNN model has
enough capacity to achieve desirable performance on all three
tasks simultaneously; whether the MTL loss can train the
model to achieve these three task effectively; whether there
is interference among these tasks which could affect model
performance. To answer these questions, we compare USDV
against single task baseline models. All baseline models use
the same layer setup as shown in Table 1, except that they only
have one output head rather than three. The baseline specula-
tion, detection, and verification models are trained using loss
(1) with target latency −10, 10, 70 frames, respectively. The
USDV model has the exact same layer setup as baseline mod-
els except that it has three output heads as explained in section
2. It is trained with the MTL loss (2) with the same target la-
tency as the baseline models training.

Model FAR (%) @ constant FRR Latency (s)
Speculation 1.75a b-0.15
Detection a b

Verification 0.80a b+0.3
USDV-speculation 1.75a b-0.14
USDV-detection 1.03a b-0.01

USDV-verification 0.82a b+0.27

Table 2. Performance comparison shows that USDV achieves
same level of accuracy compared to single task baselines.

Results are shown in Table 2. As expected, speculation
models from both the single task baseline and USDV have
the earliest detection, which brings downstream modules a
150ms early start. With more right context, verification mod-
els achieves the lowest FAR, hence can be used to correct



mistakes made by speculation and detection models. The fact
that the USDV model is able to achieve three tasks with dif-
ferent accuracy and latency trade-off validates the effective-
ness of the MTL training loss (2). Furthermore, the USDV
model achieves same level of performance as baseline mod-
els on all three tasks, which shows that the CRNN architec-
ture has enough capacity to perform all three task simulta-
neously. Small degradation on the performance of certain
task can be addressed by different weighting in the MTL loss
(2). In addition, we may also branch out these output heads
earlier to achieve better performance with additional compu-
tation. For example, the USDV model can transform em-
bedding from LSTM differently for these three tasks, hence,
likely to achieve better performance, if we branch out before
the FC and after the LSTM layer.

4.4. USDV with different target latency

In practice, we normally have a target latency for the detec-
tion task to avoid sluggish response. But, the desired latency
for the speculation model can be very different in different
scenarios. We may want earlier start for downstream mod-
ules by tolerating worse performance, and vice versa. In this
experiment, we study the impact of different target latency.
All models are trained with the same target latency for de-
tection task, but different target latencies for speculation and
verification tasks. As shown in Fig. 4, all models retain
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Fig. 4. Scatter plot that shows the performance of USDV
models trained with different target latencies for speculation,
detection, and verification as shown by the legend. The per-
formance speculation, detection, and verification are indi-
cated by x, +, and o marker, respectively.

the same accuracy and latency trade-off for detection tasks,
though they achieve very different latency for speculation task
due to different target latency settings. Hence, different accu-
racy and latency trade-off can be tuned independently across
these three tasks with our CRNN architecture and latency-
aware max-pooling loss in a MTL fashion.

4.5. USDV with different model architectures

In this experiment, we study the impact of model size. We
design four variations of the model shown in Table 1 by freez-
ing kernel sizes and changing the number of channels for the
CNN front-end, and the number of units for the LSTM and
FC layers as shown in Table 3. As shown in Fig. 5, in gen-
eral, larger model is able to achieve better performance. We
expect the verification needs larger capacity due to more so-
phisticated right context to model.

layer-type CONV LSTM FC
model1 80 96 112 128 160 400 40 40 40
model2 96 128 128 160 160 500 100 100 100
model3 96 128 128 160 160 500 100 200 200
model4 96 128 160 192 240 500 200 200 200

Table 3. Number of filters for CNN front-end and number of
nodes for LSTM and FC layers for different model variations.
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Fig. 5. Scatter plot that shows the performance of USDV
models trained with different model sizes. The performance
speculation, detection, and verification are indicated by x, +,
and o marker, respectively.

5. CONCLUSION

In this paper, we propose an CRNN-based unified specula-
tion, detection, and verification keyword detection model.
With negligible additional resources, this model is able to
achieve three tasks simultaneously. We propose a latency-
aware max-pooling loss, and show empirically that it teaches
a model to maximize accuracy under the latency constraint.
With the new training loss, a USDV model can be trained in
a MTL fashion and achieves different accuracy and latency
trade-off across these three tasks. We study the performance
of USDV model against single task baseline models, and
results show that it can achieve same level of performance.
Results also show that we can easily tune the accuracy and
latency trade-off for a task without impacting other tasks.
In addition, we show that larger model size leads to better
performance, especially on verification task.
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