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Abstract
In this paper, we present a study on transfer learning in convolutional network
architectures for recognizing environmental sound events and speech commands.
Our primary contribution is to show that representations learned for environmental sound classification can be used to significantly improve accuracies for the
unrelated, voice-focused task of speech command recognition. Our second contribution is a simple multiscale input representation that uses dilated convolutions
to aggregate larger contexts and increase classification performance. Our third
and final contribution is a demonstration of an interaction effect between transfer
learning and the multiscale input representations. For different versions of the
speech command dataset, the pre-trained networks with multiscale inputs can be
trained with only 50%-75% of the speech command training data and achieve
similar accuracies as a non-pre-trained and non-multiscale networks with 100% of
the training data.
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Introduction

Detection of everyday sounds like those originating from machinery, traffic, animal, and music is
essential for building autonomous agents responsive to their surroundings. The applications are wide
ranging from autonomous vehicles [Chu et al., 2006] to surveillance [Ntalampiras et al., 2009] to
monitoring noise pollution in cities [Maijala et al., 2018, Salamon et al., 2014]. Similarly, Spoken
Term Recognition [Miller et al., 2007] has broad applications from conversational agents [Sainath and
Parada, 2015] to monitoring news [Parlak and Saraclar, 2008]. While many approaches have focused
individually on the classification of everyday sounds or recognizing spoken terms, our intuition is
that the gamut of environmental sounds effectively captures the manifold of acoustic events (speech
being one of them), and thereby will lead to better representations for speech. In this work, we test
that intuition.
Our experiments center on assessing how well Convolutional Neural Networks trained on environmental sound classification transfer to recognizing speech commands. Additionally, we introduce a
method for increasing the input resolution of the networks using a single layer of dilated convolutions
at multiple scales. We present a series of experiments designed to measure the effectiveness of
pre-training and our multiscale input method.
The results provide evidence that pre-trained convolutional networks with multiscale inputs are
learning important properties about audio spectrograms. Additionally, by varying the amount of
speech command data used for adapting and training, our results show that not only do the pre-trained
models require far less data to adapt to the target domain, but they also achieve much higher accuracies
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Figure 1: Starting with an audio spectrogram, we employ a set of dilations at different scales and with
equivalent padding to produce new features maps which can be treated as stacked channels. Shown
here are the first three dilations (d=1, d=2, d=3) with the fourth not shown to save space.
than models trained only on the speech command data. In the remainder of this paper, we describe
the datasets and experiments underlying these results.
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Related Work

There are many approaches for classifying environmental sounds, such as Support Vector Machines [Temko et al., 2006], Random Forests Classifiers [Piczak, 2015b], and Multi Layer Perceptrons [Inkyu Choi and Kim, 2016]. Recently, Piczak [2015a] and Salamon and Bello [2016] show
Convolutional Neural Networks (CNNs) outperform traditional methods in environmental sound
classification. Similarly, CNNs have been used successfully for the automatic tagging of music
[Dieleman and Schrauwen, 2014, Choi et al., 2016, Lee and Nam, 2017] and soundtracks of videos
[Hershey et al., 2017]. Transfer Learning involves learning representations from one domain/task
(source) to another domain/task (target). While a prominent use of CNNs in Computer Vision has
been to utilize transfer learning to classify new image categories [Zeiler and Fergus, 2014], the audio
classification community is only beginning to explore this territory [Choi et al., 2017].
One method to incorporate multiple scales of information is to use multiple spectrograms [Dieleman
and Schrauwen, 2014, Choi et al., 2016, Lee and Nam, 2017]. However, this can be expensive and
potentially redundant. An alternative is dilated convolutions which increases the receptive field
without increasing the number of parameters [Yu and Koltun, 2015]. Dilated convolutions have
been used hierarchically to generate audio waveforms [Oord et al., 2016], but to the best of our
knowledge, this is the first study to use multiple scales of dilated convolutions for audio classification.
Another method to incorporating multiple scales of information in a single layer is to use larger
and variably shaped kernels [Pons et al., 2017]. This has its downfalls: the convolution sizes are
heuristically-derived and they miss out on the computational efficiency of dilated convolutions.
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Datasets and Features

In our experiment, we utilize two datasets: a dataset of environmental sounds, UrbanSound8K
[Salamon et al., 2014], and the recently-released Google Speech Commands dataset [Warden, 2017].
Both datasets are collections of single-class audio clips—types of common urban sounds and single
word speech utterances. In our transfer learning experiments, UrbanSound8K is the source dataset
and the Speech Commands is the target dataset.
UrbanSound8K The UrbanSound8K dataset is 8372 4-second audio samples belonging to 10
categories. The dataset is partitioned into 10 folds with a balanced distribution across the classes for
cross validation.
Google Speech Commands The Google Speech Commands dataset is composed of 47,348 1second utterances of 20 short words—the numbers zero through nine, down, go, left, no, off, on,
right, stop, up, and yes—along with 17,373 samples from 10 non-command words bed, bird, cat, dog,
happy, house, marvin, sheila, tree, and wow.
Feature Extraction Features were extracted for each audio file to closely follow Salamon and
Bello [2016]. First, the audio is re-sampled to 22kHz mono and partitioned into 46 ms frames
that have 50% (23 ms) overlap. The power spectrum is extracted from each frame using a Fourier
2

No Multiscale
Multiscale
Fresh Initialization
Pretrained
Fresh Initialization
Pretrained
left vs. right Subset
96.70±1.41
97.09±1.16
97.05±1.27
97.31±1.39
91.48±1.67
91.63±1.95
91.23±1.72
92.15±1.71
All 30 Terms
Table 1: Classification performance for the pre-trained and non-pre-trained models with multiscale
input on both sets of the speech commands dataset and the left vs. right subset.

transform and converted to the Mel spectrum using a Mel filter bank with 64 filters. The preprocessing
pipeline is created using the Yaafe audio processing library [Mathieu et al., 2010].
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Models

Dilated Convolutions Convolutions are windowed operations that scan over an input tensor. The
core parameters are the size of the window (the kernel size) and the step size of the scan (the stride)
which parameterize the receptive field of the convolution. An additional parameter, named dilation,
can increase the receptive field without increasing the number of parameters [Yu and Koltun, 2015].
Intuitively, dilations are a stride in the kernel—a spacing between the scalars in the kernel such that
the kernel subsamples a wider range of input values. This is visualized in Figure 1.
More formally, consider a single position in the output tensor, Ym,n . A convolution operation
computes this value by summing over element-wise multiplications, as shown in Equation 1. In
contrast, a dilated convolution, shown in Equation 2, sums element-wise multiplications that are d
steps apart.
k X
k
k
k
X
X
X
Ym,n =
Wi,j ∗ Xm+i∗d, n+j∗d (2)
Ym,n =
Wi,j ∗ Xm+i, n+j
(1)
i=0

i=0 j=0

i=0

Multiscale Inputs A novel contribution of this work is a multiscale input adapter using dilated
convolutions. Specifically, the multiscale input is constructed as four convolutions with kernel sizes
of 3, strides of 1, and dilations of 1, 2, 3, and 4. We further design the multiscale input to output a
tensor that is the same size as the input tensor by utilizing padding operations3 . By being the same
size, the resulting tensors are stacked along the channel dimension.
DenseNets In this work, we use a convolutional network architecture named DenseNet for its state
of the art performance and novel use of skip connections4 . DenseNets (Huang et al. [2016]) were
built upon a simple observation: convolutional networks greatly benefit from shorter connections
between layers closer to the input and layers closer to the output. More formally, the computation
for xl is dependent on the computations of all previous layers, allowing all downstream layers have
direct access to the feature maps of all earlier layers.
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5.1

Experiments and Results
Transfer Learning for Speech Commands

Experiment Setup In this experiment, we vary two properties: the model is freshly initialized or
pre-trained on the UrbanSound8K dataset and the model uses multiscale input or it doesn’t. We train
and test these four model variants on two versions of the Google Speech Commands dataset: a subset
containing only the commands left vs. right and the full 30 spoken term dataset. In total, there were
eight conditions: freshly initialized vs pre-trained network, multiscale input vs no multiscale input,
and two versions of the dataset.
To train the models, we use the Adam optimization algorithm and the negative log likelihood (NLL)
loss criterion. In the pre-training conditions, the final linear layer of the pre-trained model is replaced
3
If a 3x3 kernel is dilated with d = 2, then padding = 2 ensures the output tensor is the same size as the
input tensor
4
Several architectures were compared and DenseNet was found to have the highest performance, c.f. McMahan and Rao [2018]
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Figure 2: Micro-averaged accuracies for the Google Speech Commands dataset—the left vs. right
version (left) and the full 30 term version (right)—using 25%, 50%, 75% or 100% of the data, with
or without multiscale input, and with or without being pre-trained on UrbanSound8k.

with a linear layer that has the correct number of output classes. A learning rate of 0.001 without
weight decay was used for each model except for their final classification layer, for which a learning
rate of 0.005 was used in conjunction with a small (1 × 10−4 ) weight decay. The models were trained
until a stopping criterion of no improvement for 10 epochs and the best performing model state as
measured on a validation set at the end of every epoch was used for final evaluation.
Results Shown in Table 1, the results can be summarized with the following observations: First,
the pre-trained networks performed better than freshly initialized networks. Second, the performance
is further increased when combined with the multiscale inputs. This result is compelling because it
suggests a strong interaction effect between the pre-training and multiscale inputs.
5.2

Transfer Learning and Target Data Size

Experiment Setup To measure how well the pre-trained network generalizes, we use the same
networks pre-trained on the source data, but incrementally varied the amount of target data available
for training—either 25%, 50%, 75%, or 100% of the training data—and test on the complete target
data test set. For each subset size, we evaluate five randomized subsets and report the micro-averaged
accuracy for the left vs. right version and full 30 term version of the speech commands dataset.
Results The results, shown in Table 1 can be summarized with the following observations. First, in
the simpler task of discriminating between left and right, with around 50% of the data, the pre-trained
model obtains the same performance as the freshly initialized network with 100% of the data. Next,
the pre-trained networks have a significant increased performance (p < 0.0001) over networks that
started with freshly initialized parameters. Additionally, there is an small interaction between the
pre-training and multiscale such that the performance is highest under this condition. Finally, it’s
interesting to note that despite being an order of magnitude larger than the UrbanSound8K dataset,
the Google Speech Commands dataset still benefited from learning transfer using the pre-trained
representations from an unrelated classification task. This result is compelling because it suggests an
interaction effect between the pre-training and multiscale dilated convolutions and warrants further
investigation.
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Conclusion

The results presented in this study offer evidence for the use of transfer learning from environmental
sounds to speech commands. Not only did the pre-trained networks obtain higher accuracies with
less target data, but the combination with multiscale input amplified the effect. This suggests that the
multiscale inputs are capturing general patterns necessary for sound identification. Moving forward,
there are many promising directions which can further unify audio event identification for both human
speech and ambient environmental sounds.
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