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ABSTRACT: A good acoustic word embedding that can well express the characteristics of word plays an
important role in wake-up word detection (WWD). However, the representation ability of acoustic word
embedding may be weakened due to various types of environmental noise occurred in the place where WWD
works, causing performance degradation. In this paper, we proposed triplet loss based Domain Adversarial
Training (tDAT) mitigating environmental factors that can affect acoustic word embedding. Through experiments
in noisy environments, we verified that the proposed method effectively improves the conventional DAT
approach, and checked its scalability by combining with other method proposed for robust WWD.

Keywords: Wake-up word detection, Acoustic word embedding, Domain adversarial training, Triplet loss
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Fig. 1. (Color available online) Overall architecture of
triplet loss based domain adversarial training (tDAT).
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Table 1. Configuration of input quadruplet X.

Input Word label Domain label X, X
X, Same Same v 4
Xg Same Same v 4
X, Different Same v
X, Same Different 4
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Fig. 2. (Color available online) An example of calculating the distance of wake—up word,
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Table 2. Selected wake—up words for Aurorad cor—
pus (in alphabetical order, #total = 24),

American, analysts, brokerage, company, corporation,
department, double-quote, employment, February, hyphen,
important, industry, investors, outstanding, percent, petroleum,
production, question-mark, September, Shearson, spokesman,
trading, western, Westinghouse
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Table 3. Performance comparison for each type of noise from the Aurorad corpus. RQ[z]denotes recall at = false
alarm rate.

R@[0.01,0.005]
Method
Car Babble Restaurant Street Airport Train
MT 0.457/0.300 0.428/0.273 0.356/0.252 0.430/0.315 0.411/0.273 0.428/0.314
tMT 0.538/0.377 0.475/0.329 0.458/0.316 0.504/0.370 0.469/0.335 0.498 /0.346
DAT 0.542/0.387 0.505/0.358 0.475/0.337 0.500/0.358 0.511/0.380 0.490/0.337
tDAT (Proposed) 0.610/0.434 0.537/0.373 0.469/0.322 0.540/0.381 0.547/0.371 0.530/0.365

Table 4, Performance comparison of ISAN trained in various ways for each type of noise from the Aurora4 corpus.
RQ[z]denotes recall at = false alarm rate.

R@[0.01,0.005]
Method
Car Babble Restaurant Street Airport Train
ISAN (clean) 0.719/0.529 0.594/0.493 0.549/0.424 0.670/0.570 0.694/0.584 0.683/0.569
+MT 0.781/0.669 0.741/0.592 0.679/0.520 0.752/0.616 0.749/0.613 0.749/0.611
+tMT 0.851/0.758 0.815/0.700 0.721/0.603 0.822/0.720 0.800/0.687 0.806 /0.698
+DAT 0.822/0.724 0.774/0.670 0.698/0.571 0.777/ 0.669 0.787/0.673 0.787/0.683
+ tDAT (Proposed) | 0.851/0.781 0.834/0.745 0.758 /0.632 0.811/0.722 0.847/0.768 0.823/0.758
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