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Reranking ASR hypotheses by testing top result from ASR vs.
ours given an audio segment; we get higher precision-to-FDR
ratio if the ASR’s pick is an obvious mistake (distance is high).
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Embeddings are used in a plethora of downstream tasks; in - minimization used to asr_word_distance

speech recognition, they’re used in KWS, ASR, and search. 3,<64x64> —— - kkA/ stagnate early (inred);  |..| S
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whose last layers in a deep Siamese CNN produce word - improved learning
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_ RESULTS

Summary of notable experiments and their results for training

— DATA
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The raw data consist of 25k short, mono, 16kHz recordings (622k+ examples) and testing (19k examples), respectively:
and transcripts by non-experts, which are then force-aligned ASR, { weleome } { morrow } #  Notable Experiment Details Iy Scores
, , , I CNN (3 x 3 x 32); dense layer; 256-D embedding; batch size = 32 0.97,0.91
using ASR hypotheses into words to form 654,224 word pairs. ASR, { weloome } { o } { borrow } 2 CNN (3 x3 % 32) > (3 x 3 x 64); dense layer: 256-D embedding:
: : : batch size = 32 0.99,0.93
We mined for hard n ive examples in ASR hypotheses ’
ard egat € examples S YP ; :;e;:e:ﬁig&mz) :;r:e;::?xﬁﬁ ASR { well } { come } { Comorow } 3 Same as #2 but for a dropout with a rate of 0.5 after the first hidden layer 0.99,0.94
then we Synthesized more examp|es given ones that share the ° 4 Same as #3 but with another dropout of 0.5 after the second hidden layer 0.95,0.91
5  Same as #3 but with margin = the phonetic-edit distance for the pair 0.96,0.91
, - : bda ame as #3 but with incoming weights constrained to a maximum norm of 3 0.99,0.9
same true label, and models self-labeled even more examples 6 S 3 but with incomi igh ined i f 4
7 2 unidirectional LSTM layers with 128 hidden units; dense layer;

256-D embedding; batch size = 32; 24 epochs (in 99 hours) 0.91,0.87
8 2 Bidirectional LSTM layers with 512 hidden units and a dropout of 0.4

in between; a dropout of 0.2 for the acoustic input; 512-D embedding;

28 epochs (in 47 hours) 0.95,0.91
9  CNN with 2 blocks [(3 x 3 x 64) -> (2 X 2) max pooling]; two dense
o _ . [°°Si“e—di5ta“°e] layers with 512 hidden units and a dropout of 0.4 in between; a dropout
centered & padded to fitina 2s WIﬂdOW; CMVN and spherlng. of 0.2 for the acoustic input; 512-D embedding; cosine distance;
Our best model’s architecture Mining hard negative examples from ASRs’ hypotheses batch size = 128; 64 epochs (in 4.8 hours) 0.99,0.95
10  Same as #9 but with additional dropout of 0.4 between convolutional

layers as well; trained for much longer (142 epochs in 19 hours) 0.96,0.93

— REPRESENTATION

Audio: 64-band mel-spectrograms; FFT = 25ms; hop = 12ms;

Lambda

Phones: one-hot encoded matrix; sentinel value for padding.




