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Introduction

* Automatic speech recognition has unarguably made great
advances over the past several decades, but improving the
accuracy and robustness of natural, spontaneous speech

recognition remains a long standing challenge.

® Speech sounds have large variability, caused by variations in
speaking styles, speech rate, speech distluency, illgrammatical
syntax, dialects, speakers’ voice characteristics, diverse

acoustic conditions, and so on.

® The knowledge sources of acoustic model, lexicon, and
language model all need improvements, and among which

acoustic modeling plays a crucial role.




Statistical modeling of speech signals as

popularized by HTK
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Improving statistical acoustic models

- one model for one speech sound unit

® Increase granular details of conditioning variables beyond the
left-right neighboring phones, including
* longer phonetic contexts (e.g., pentaphones) [2]

= prosodic features of speech rate, pitch, lexical stress, et al. [3]

® Improve allophonic clustering beyond the phonetic decision
trees (PDT), including

= associating each allophone HMM state with multiple tied states
within a PDT (soft clustering) [4]

= optimize PDT construction by k-step lookahead or stochastic
full lookahead [5].

= apply probabilities of split variables in PDT construction [6].




® Optimize model parameter estimation beyond maximum

likelihood estimation by discriminative training, including

minimum classification error (MCE) [7]
maximum mutual information (MMIE) [8]
minimum phone error (MPE) [9]

large margin [10]
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Randomization for ensemble classifier design

o Bagging: uniform random sampling with replacement is
applied on a training dataset to produce bootstrap replicated
datasets, and from which multiple classifiers are trained and

combined through majority voting [11].

* Boosting: employ importance-based data sampling to
construct multiple classifiers sequentially, with higher
importance assigned to data that are more frequently
misclassified by the classifiers constructed so far, and

importance—based Weights are used to combine the classifiers
12].




* Random subspace: To construct a tree classifier, first
sample m split variables randomly out of a total of M
variables, and then use the sampled variables and a standard
greedy algorithm to grow the tree. The tree classifiers are

combined by majority voting [13].

e Random forests: To construct a tree classifier, first
generate a dataset by bagging, and then at each node, select m
split variables randomly out of a total of M variables and
choose the best split determined in these m variables. The

tree classifiers are combined by majority voting [14].




Ensemble classification error

® Correlation and strength of the base classifiers [14]
Pr(generalization error of the ensemble) < :5(1 — 82)82
ot the pair-wise correlation between the base classifiers,
S is the strength (accuracy) of the base classifiers.

® Bias-variance-noise decornposition [15]
Classification error = bias + variance + noise
Ensemble classifier allows base classifiers to overfit to
training data to reduce bias error, and use decision

averaging to control variance error.




Improving ASR accuracy

—multiple decoding output integration

¢ Combine word hypothesis outputs from multiple ASR
systems as in ROVER {[16].

* Use different optimization criteria, e.g. MLE, MMIE, to train
multiple acoustic models from one set of training data, run

separate decoding searches, and combine word hypotheses.

* Randomize the construction of PDTs (randomly select a split
from the n-best splits at each node) to generate multiple
acoustic models from one set of training data, run separate

decoding searches, and combine word hypotheses [17].




® Pros

Integrating multiple decoding outputs improves recognition
accuracy when the multiple systems or models are good

individually and complementary collectively.

® Cons

= Combining N decoding outputs requires N times the decoding

time of the conventional single system.

= Cannot effectively exploit the opportunity of reducing the
biases of the individual systems or models to reduce
classification errors since the word errors are not localized and

one error may spawn additional errors down the search path.




Improving statistical acoustic models

- multiple models for each speech sound unit i3]

® Use random forests of phonetic decision trees to generate
multiple acoustic models for each allophone—state unit and

combine the acoustic model scores for each speech frame.

® The diversity of multiple acoustic models is exploited at local
scales, and decoding search is improved in every step to

produce more accurate output word hypotheses.

* For each phone-state unit, the individual acoustic models can
overtit to training data to drive down bias, since combining

the models will control the variance.




Construction of Random Forests of PDTs
(sampling split variables = sampling phonetic questions)

o Apply multiple sweeps of randomization on split

variables.

® In any sweep, randomly sample a subset of m phonetic
questions and train a set of PDTs as in conventional
acoustic model training, producing one set of acoustic

models.

® From multiple sweeps of phonetic question sampling,
obtain multiple sets of PDTs and hence multiple sets of

acoustic models .

™




® For each phone state, generate RF tied states by tying the
triphone states that are in the same tied states in every
PDTs of the random forest.

® In decoding search, combine the acoustic scores from the
Gaussian mixture densities of the PDT tied states within
each RF-tied state.

® Only one decoding search is necessary, and hence

computation overhead is small.




lllustration of RF tied states
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Acoustic model of a RF tied state:

P()_(t | ESI) — F()_(t | Mlll, T IVIIKK)
‘ linearly combination
K
P(x, | ES)) = Zthk p(X; | Mlkk)
ko1

where p(x, | M, )’s are the Gaussian mixture density scores
of the PDT tied states. The combination Weights w,,, can be
estimated by different methods.
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Combining acoustic scores at each frame

e Non-trainable combiners:
Maximum score
Average score
Average n-best score

e Trainable combiners:
Maximum likelihood based weight estimation
Confidence score based weight estimation
Relative entropy based weight estimation




Experiments on telehealth automatic
captioning 9]
o Speech features: standard 39 components of
MFCCs+A+AA;

» Acoustic models: triphone HMM models trained
by mock conversation speech data of five doctors
collected in Missouri Telehealth Network;

e Language model: word-class mixture trigram
language models trained with both in-domain and
out-of-domain datasets;

e Task vocabulary size: 46,480.
 Baseline word accuracy: 78.96%.
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Performance vs. forest size and combiner

Word accuracies (%) averaged over five speakers,
GMD size = 16, question subset size m=150 for RFs

Forest size K

10 20 50 100
MAX 80.35 80.41 79.95 79.70
Average 80.39 80.57 80.71 80.80
MLE 80.47 80.81 80.90 80.92
P-value 80.43 80.69 80.85 80.90
R-entropy 80.39 80.64 80.88 80.91
MLE+R-entropy 80.39 80.72 80.95 80.96




Performance vs. GMD mixture size

Word accuracy vs. GMD mixture size,
question subset m=150 for RFs

Number of Gaussian components per GMD

8 16 20 24
Baseline 77.65 78.96 78.68 78.15
RF method, K=10 78.08 80.47 81.57 81.70

RF method, K=20 78.06 80.81 81.86 81.92




Measure the quality of an acoustic
model ensemble:

® The sampling subset size m can control the quality of an

acoustic model ensemble.

® Large m -> the individual PDTs are strong and the
correlations among the PDTs are high.

® Small m -> the individual PDTs are weak and the

correlations among the PDTs are low.

® An appropriate subset size m can help balance the
strength and the correlation of the PDTs.




™

Measure correlations between acoustic
models

e Use Viterbi alignment to segment training data into phone

states.

® Within each segment, compute the allophone state posterior
probability vectors for each input speech frame by the model

sets i and j:

Ei(t) =[R@]Xx),---, R(N |)_(t)]

PO =[P @Ix). P(N[x)]




™

Measure correlation between acoustic
model sets

* Compute absolute correlations between the model sets i and
] for each triphone state n within each phone—state segment

u.

D[R] x) =R x)IP;(n|x)-Pi(n|x)]

teQ),

Z[Pu(n | Xt) o ﬁ(ﬂ | Xt)]2 Z[Pj (n | Xt) _ ﬁ](n | Xt)]2

teQ, teQ),

Corr, (1, J) =

* Average Corr, ,(1, J) over n and u to produce the correlation

between the model sets i and j.
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Word accuracy vs. model correlation and
question subset SIze M (one speaker)

Total questions = 216, forest size K = 50,

MLE was used for weight estimation.

Subset size m 15 20 100 150 200 210
Correlations 074 | 0.76 | 0.79 | 0.82 | 0.89 | 0.93
Word accuracy (%) | 76.35| 78.69 | 79.00| 79.00 | 79.00 | 78.36

N
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Performance vs. question subset Size m

(five speakers)

Total questions = 216, forest size K = 50,
MLE was used for weight estimation.
Subset size m 15 20 100 | 150 | 200 | 210

Word accuracy (%) | 77.68 | 80.38 | 80.92 | 80.96 [80.90| 80.65

/




Random Forests for PDTs
— sampling data by N-fold CV partitions [20]
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Performance vs. CV partition size
(five speakers)

GMD mixture size = 16, uniform combination weights

CV folds 1 5 10 20

Word accuracy (%) | 79.24 | 80.88 | 81.47 | 81.36
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Future directions:

® Incorporate more split variables for PDT constructions to

improve the strength of the individual models and reduce
the correlations among them.

* Investigate additional sampling methods and their

combinations for different types of training data to enhance
ensemble diversity.

¢ (Combine ensemble acoustic modeling with diversification

methods in features [21], model parameter estimation [22],and
language modeling [23].

® Investigate issues that have or have not been studied for the

conventional acoustic models in the paradigm of ensemble
acoustic modeling (e.g. speaker adaptation).

o Efficiently compute Gaussian density scores for real-time

decoding search. Y,
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