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Analyzing Learned Representations of a Deep ASR

NATIONAL
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s Performance Prediction Model

Zied Elloumi, Laurent Besacier, Olivier Galibert, Benjamin Lecouteux

¢ Task : prediction of ASR performance on unseen broadcast programs at utterance level

Results

oClassification task

¢ Goal: understand which information is captured by our deep model (Elloumi et al., 2018) Layer Dim. SHOW STYLE ACCENT
and its relation with different conditioning factors TXT
¢ Main results : a clear signal is captured about speech style, accent and broadcast type AD 7256 54.89]|- 20.01!1169.56 69 30!169 43
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Our ASR performance prediction system RAW-SIG
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¢ We particularly focused on the combination of text (ASR transcription) and signal (raw Cl (A3+B4) 256 57.04||- 81.29(|70.36  71.41|/65.98
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¢ The network input can be either a pure text input, a pure signal input (raw w R | )
signal) or a dual (text+speech) input at utterence level STYLE factor STYLE factor |

Duration between 4 and 5s Duration between 5 and 6s SHOW factor

o Our best approach gave 19.24 % in terms of MAE (Mean absolut error)

Multi-task learning

¢ We perform multi-task learning providing the additional information about broadcast

Evaluating learned representations

Methodolo . N
8Y type, speech style and speaker's accent during training
o Generate utterance level features (colored in yellow) from our deep model o The architecture of the multi-task model is similar to the single-task WER prediction
o Follow (Belinkov and Glass, 2017) approach to better understand which information is model but we add additional outputs: a_Softmax function is added for each new
captured by our deep model and its relation with different conditioning factors: Speech classification task after the last fully connected laver (C2)
style, accent and broadcast Program origin Models Performance prediction task Classification tasks
. , » MAE Kendall SHOW  STYLE ACCENT
5 Classification task: build three shallow feed-forward neural network classifiers (SHOW, :
Baseline: Mono-task
STYLE, ACCENT) with a similar architecture: one hidden layer of 128 units followed by WER (Elloumi et al., 2018) 15.24 19.21 is.oo 46.83 - -
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¢ Data set from (Elloumi et al., 2018) divided into 3 subsets: TRAIN (67.5K), DEV (7.5K) and WER ALL COMBINED OUTPUTS _ 14.50 |[18.87 _ 48.16][48.63 i

TEST (6,7K) — The TEST set contains unseen broadcast programs that are different from

those present in TRAIN and DEV Conclusion
Show TRAIN DEV TEST*
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and broadcast type

¢ Extract a balanced version of our TRAIN/DEV/TEST sets by filtering among over-

We proposed a multi-task learning approach to simultaneously predict WER and classify

represented labels o : . t ¢
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TRAIN DEV TEST
SHOW 5 4487 X 5 493 X 5 = . . . .
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