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Introduction

@ The objective is to determine whether it is advantageous for phone-
classification of feature vectors to treat the acoustic space as a non-
linear manifold, in which several broad phone class (BPC)-dependent

DNNs rather than a single DNN are used.

@ This extends our previous study of very low dimensional bottleneck
features (BNFs) [1,2], and the work by Huang et.al [3] on a manifold

structure learning linear mappings.

Experimental Results - Phone Classification Performance

Table 3: Phone classification accuracy obtained using all signal
frames and using only the centre frames of each phone.

Experimental Setup

System structure

All frames Centre frames
Global DNN  67.60 (avg) 76.81 (avg)

69.05 (avg+3std) 77.58 (avg+3std)
Local DNNs Fusion net input Fusion net input

Softmax  BNF Softmax  BNF
D1 (avg) 69.05%* 68.78 77.45 77.03
D5 (avg) 69 .44 69.237% 77.85 77.75
D3 (avg) 69.56%* 69.24% 78.31°% 78.11°%
Dy (avg) 69.76%* 69.31% 78.59% 78.08
Ds (avgq) 70.01°% 69.63% 78.93% 78.70%
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@ 1st level: A set of parallel BPC-dependent DNNs - Every local DNN

from the global and the local DNNs. The local DNN for plosive is used
below as an example.

s trained with every frame by using an additional node for “out-of-the-

class” phones.

@ 2nd level: A fusion network that makes the final phone classification
decision - The NN input is BN features or probabillity outputs from the

1st level.
Phonetic broad classes [3]

Table 1: Phonetic broad classes used to define the set of local
DNN-based projections.

Group  Phonetic class Phone label

21 Plosive g/, Idl, ol Ik, IV, Ip/

CJ)o Strong fricative /s, 1zl Ishf, fzh/, /ch/, fih/

()3 Weak fricative Il vl fth/, /dh/, /hi/

()4 Nasal/Flap /m/, /n/, len/, Ing/, /dx/

)5 Semi-vowel W, lell, Irl, Iwl, Iyl

Qe Short vowel ilh];af;:;}faeh fal/, fax/, leh/,
hyl, law/, faol, fler/, feyl, layl/,

@ Long vowel foyl, fawl, fow/

(s Silence Isilf, fepi/, Ig/, Ivcll, fclf

o (s U Qg U Q7 Semi-vowel, Short vowel,
Long vowel

1o ()1 U Qs Plosive, weak fricative

)11 (Js U Qg: Semi vowel, Short vowel

()12 (Js U Q7 Semi vowel, Long vowel

()13 (e U7 Short vowel, Long vowel

Q].; Ql UQE ... UQEZ A"phﬂﬂﬂﬂ

BPCs used to train local DNNSs

Table 2: The sets D, ..., D5 of BPCs used to train local BPC-
dependent DNNs in the two-level system.

Broad phone Experimental setup
class D, Dy, Dy Dy Dxs
1 — Qs X X X X X
Qo X X

Q10 X X X
11 X X
Q12 X X
Q13 X X
(14 X
# of local DNNs 3 9 10 12 13

@ Data: TIMIT (incl. labels and time-stamp information)
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Fig 2: Visualisations of BNFs (plosive phones) from a local DNN for plosives:
18t yvs 29 DA (left) and 3" vs 4" LDA (right)

Conclusion

@ Local DNNs learn clearer local structures, which may be related to
speech production mechanisms.
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@ Local DNN Input: 26-dim Mel filterbanks with context of -

@ DNN Training: Deep belief networks (DBN) with GRBM/RMB pretrain-

INng and stochastic gradient descent using Theano.

@ Evaluation: (i) on all frames in the core test set, (i) on
frames of phone segments (also need to finetune DNN).
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