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Overview Methods Discussion

We investigate the feasibility of detecting characteristics of We perform energy-based voice activity detection on all audio files to remove silences (see Figure 2), The network has difficulty distinguishing between very similar labels such as Canadian
accent present during solo singing by using country and and compute the mel-spectrograms on the remaining voiced audio using a frame size of 2048 audio English and American English. The ResNeXt model is able to classify American English and
language as a proxy. We design variants of convolutional samples and an overlap of 512 audio samples. To reduce dimensionality, two-measure (4.75 second) Canadian English the most accurately. Further, misclassifications as English across all
neural networks to classify the associated country and chunks of the spectrograms are fed into each network as input samples [1-7]. classes are primarily misclassified as Canadian English or American English. Correct-
language of both native and non-native English speakers and cross-classifications of Canadian and American English occur 34.1% of the time,
during their karaoke-style singing performance of English 1 Figure 3 visualizes our two convolutional neural networks: a deep over twice the overall model accuracy. The Scandinavian and French singers are most
standard "Amazing Grace." The most successful | | vanilla network with 32 3x3 filters per layer, and a deep network likely to be misclassified as English singers as well. The over-classification of English
architecture provides an 7.83% improvement in overall - | usi_ng a ResNeXt block after the first Iaygr [8]. ReL_U non-linear dialect even using a balanced training set may suggest that an English-style
accuracy compared our baseline statistical model, activations are used after all layers. Training occurs in batches of pronunciation is used to fit the target language of the song.
demonstrating the networks’ ability to detect subtle ‘ 128 samples for a maximum 40 epochs, and uses validation loss
accent-based speech characteristics. We see an | | minimization as early stopping criterion with patience of 7. Both models misclassify Norwegian singers primarily as English (spread between country
overwhelming prediction of variants of English accent, — variants), followed by French. Surprisingly, the models seem to have more difficulty
suggesting style-influenced modification of pronunciation Time (5 R } associating Swedish singing with any particular class, and Swedish and Norwegian
and intonation when singing a well-known English song. Figure 2: Voice Activity Detection of l recordings are not commonly mixed up like the English-tagged recordings are. The models
singer performance audio i perform similarly for German and Indonesian, the only non-European/non-American accent

(groups = 16) in the dataset. The overall tendency toward randomness accuracy of both models,
l alongside the baseline, are indicators of two systematic issues. The first being that the

Table 2: Training Parameters
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Data NN | 10 | into their singing performances. The second is that, while the mel-spectrograms are indeed

We use a subset of the the Stanford DAMP Database, a (b = Dropout Rate, Ir = Learning Rate pitch-invariant, other aspects of musicality, including skill-level and transient stylistic

Vanilla CNN CNN ResNext block

proprietary database owned by Smule, developer of the Sing! choices that may be completely independent of country, accent or language identity, might
Karaoke smartphone app. A subset of this database contains Figure 3: CNN-3x3 (left) and CNN-ResNeXt (right) Architectures outweigh speech-like pronunciation. In general, performing a well-known song that

10,937 audio recordings of both trained and untrained singers has been stylized across many genres likely confounds accent-based pronunciation

from around the world solo singing "Amazing Grace" on the and intonation while singing.
app. Table 1 lists the 10 most-represented countries for our
classification task. We undersample majority classes in our

training set for balance, while keeping our validation and test Classification Results

sets representative, bringing our data to 2,975 recordings.
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Audio Features

Both pronunciation and intonation are related to the property
of sound known as timbre. Timbre is often described as the

sv SE ptBR nb NO

"color," "quality," or "tone" of a sound and is a property reliant
on both time and frequency [6]. Figure 2 visualizes the Confusion Matrix using ResNext training
log-compressed, mel-scale magnitude spectrograms of each . . : : e
audio recordings we calculate to capture perceptually
relevant long- and short-term features of speech that
describe pronunciation and intonation [1-7]. The conversion
from frequency to mels is defined as

m=1127In(1 + f/700)
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where m is the mel coefficient corresponding to the original
signal frequency fin Hz. Figure 1 visualizes our features.
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Figure 1: Mel
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