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Query-by-Example with Acoustic Word Embeddings Using wav2vec Pretraining
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Abstract Query-by-Example is a popular keyword detection method in the absence of speech resources. It can build a keyword
query system with excellent performance when there are few labeled voice resources and a lack of pronunciation dictionaries. In
recent years,neural acoustic word embeddings has become a commonly used Query-by-Example method. In this paper,we propose
to use wav2vec pre-training to optimize the neural acoustic word embeddings system, which is using bidirectional long short-term
memory. On the data set extracted in SwitchBoard,the features extracted by the wav2vec model are directly used to replace the
Mel frequency cepstral coefficient features, which relatively increases the system’s average precision rate by 11. 1% and precision
recall break-even point by 10. 0%. Subsequently, we tried some methods to fuse the wav2vec feature and Mel frequency cepstral
coefficient feature to extract the embedding vector. The average precision rate and precision recall break-even point of the fusion

method is a relative increase of 5.3% and 2. 5% compared to the method using only wav2vec.
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Fig. 1 Neural acoustic word embeddings query by example system
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Table 1 Performance comparison of BLSTM systems using
wav2vec with different layers
LayerNum AP/BEP/% Time per epoch/s
3(MFCCyy) 73.82/71. 12 105
1(wav2vec) 77.21/74.37 216
2(wav2vec) 81.48/77.92 309
3(wav2Zvec) 82.01/78.23 420
4(wav2vec) 82.02/78.28 477
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HAP B FTBEAL, X2 F K 512 4 wav2vec FRAFE AT 39 2
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Table 2 Performance of feature fusion in input layer

feature dropout AP/BEP/%
wav2vec 0 81.51/77.96
wav2vec 0.1 82.05/78.53
wav2vec 0.2 81.76/78.11
wav2vec 0.3 82.01/78.23
wav2vee+ MFCCy, 0 81.41/77.89
wav2vec+ MFCCy, 0.1 82.22/78. 38
wav2vect MFCCzg 0.2 82.03/78.25
wav2vec+ MFCCszg 0.3 82.41/78.42
wav2vec+ MFCCs12 0 83.23/79.15
wav2vect MFCCs12 0.1 83.23/79.18
wav2vec+ MFCCs12 0.2 82.88//78.63
wav2vec+ MFCCs12 0.3 83.13/79.10
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Fig. 2 Structure of feature fusion at different layers
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Table 3 Performance of input MFCC to the first layer and input

wav2vec to the second or third layers

Input feature at

Dropout AP/BEP/%
Layer 1 Layer 2 Layer3
MFCCyy  wav2vec — 0 82.05/78.59
MFCCyy  wav2vec — 0.1 82.82/79.03
MFCCyy  wav2vec — 0.2 82.37/78.83
MFCC,, — wav2vec 0 78.99/75. 49
MFCC,, — wav2vec 0.1 77.23/74.43
MFCC,, — wav2vec 0.2 78.41/75.17
MFCC;y,  wav2vec — 0 82.08/78.61
MFCC;,,  wav2vec — 0.1 82.74/78.96
MFCCyy,  wav2vec — 0.2 83.32/79.23
MFCC;,, — wav2vec 0 74.54/72.04
MFCCs;,, — wav2vec 0.1 73.94/71.15
MFCC;,, — wav2vec 0.2 76.16/73.37
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Table 4 Performance of input wav2vec in the first layer and input

MFCC or wav2vec in the second layer

Input Feature at

Dropout AP/BEP/%
Layer 1 Layer 2
wav2vec MFCCs,, 0 79.90/76. 22
wav2vec MFCC;, 0.1 80.62/76.53
wav2vec MFCCy,, 0.2 79.27/75.65
wav2vec wav2vec 0 81.25/77.67
wav2vec wav2vec 0.1 80.88/76.59
wav2vec wav2vec 0.2 81.80/78.01

2% 5 3 ¥ MFCCs1, il wav2vee FR1F FE1T PE 25 A 348
— 2 IS )2 A MFCCs, B wav2vee B 4 B9 BE 3 45
Fo ARR IR 2 A MFCC $RE ¥ S 300 4 1k fiE
R, T 7628 2 A wav2vec FRAE AT LA B 2% PE RE 15 B 42 71
] B 7 2 — 2 A58 2 AR5 A MEFCCs. Al wav2vec (7 33K
47 BAEbEne . AT SR A RE 1Y 1 S5 AR B — 2 4 ARRAE
W7 LM AP S 23N T 3. 7% . BEP e £ nT 1.3%,
540 wav2vee FRAE R AL AP BN T 4. 35% . BEP
HIMT 1.95%.,

H5 SRR R 155 R AR I E B
Table 5 Performance of input the fusion features in the first layer

and input different features in the second layer

Input Feature at

Dropout AP/BEP/%
Layer 1 Layer 2

wav2vee - MFCC,,, MFCC,, 0 81.81/77.98
wav2veect+MFCC;,, MFCC;,, 0.1 82.59/78.13
wav2vee+ MFCCg,, MFCCs,, 0.2 81.81/77.95
wav2vee+ MFCC,,, MFCC, 0.3 81.59/77.96
wav2veect+MFCC;,, wav2vec 0 82.90/78.21
wav2vee+ MFCCg, wav2vec 0.1 82.27/78.05
wav2vect+MFCC;,, wav2vec 0.2 83.59/78.35
wav2veet+MFCC;,, wav2vec 0.3 83.67/78.23
wav2vee+ MFCCs,, wav2vect+ MFCCs,, 0 85.33/79.51
wav2vect+MFCC;,, wav2vect+MFCC;,, 0.1 84.99/79.53
wav2veect+MFCC;,, wav2veet+MFCC;,, 0.2 86.40/80. 48
wav2vee+ MFCCs,, wav2vec+ MFCCs,, 0.3 85.62/79.76
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Table 6 Performance and run times comparison of the best method

in this article and benchmark methods

Method AP/BEP/% run times/s
DTW Method in [13] 64.51/52.37 35437.1
Neural Net Method in [28] 73.82/71.12 193.5
Our Best Method 86.40/80. 48 240.3
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Fig.3 Progression of AP on acoustic word discrimination of

K/ AP

two systems
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