INTELLIGENT RAPID VOICE RECOGNITIOI

Using Neural Tensor Network, SVM and Reinforcement Learning
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QUESTION:

Canwe build a voicerecognition system that avoids overfitting by explicitly defini
smallsupervectors instead of implicitly defining large onés
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PCA representation of tensor supervectors (2-class)

— L ! ! \ 7\ =40 Il I I I i
-300 -200 -100 0 100 -40 30 -20 -10 0 10

0

Output: Output: Output:

Normalized confusion matrix Normalized confusion matrix Normalized confusion matrix

r 0.54
08
., [[29 0 0 0 0279 6139 0] 048 [[240 2 21 40 0 28 4116 2] [[259 12 32 27 8 12 8 83 12]
[0 0397 6 58 0] ! | Mos2 [15 28108131 4 88 42 35 11] i | [12 98 61 41 59 46 62 17 66]
06 [ 2 0464 5118 0] [12 7303 81 7 70 35 65 14] [13 31273 40 27 35 64 45 66]
[0
[ 2
[ 2
| _ [ 4
[5
0 2 4 6 8

036
05 0483 6 51 0] T [ 4 3 81302 15 61 28 37 9] m [ 2 25 46215103 32 41 18 58]

0502 9 62 0] = af , 030 [ 5 2 43226 91 42108 54 2]
0455 3109 0] lo2a  [17 3 79 89 3211 19145 3]
0595 30189 0]

104 9 8 6 79308 22107 24 10]

Tue label

23 64 45 41189 38 121 33]
103 14 37 57 77 39 449 98 22]
4 18 39 28 32 63 371 32]

23 79 56 31 36123 83 200]]

10.18

0398 3224 0] [67 1 39 57 4 50 43367 2]
0498 14141 0]] 1°*?  [25 16207158 3 65 55108 23]]
101 10.06

10.2

N=_2=20DO0O0ON-=-
[= Q= R = B = I = I = I JL I =
oo o0ococoocoo

[

] 1 [

[24 3 99126 19 59 330 149 8] L | | [
| [ [

[

16
24
43
29

o . 1 - . 0.00

Predicted label Predicted label

Train Accuracy 18.2% 38.6%
Sy— TestAccuracy 14.8%  35.8%
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% Improvement 4.2%  27.8%
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CONCLUSION:

Explicitly definedsupervectorscreate highly norconvex objectives, which are toc
difficult to optimize using Stochastic Gradient Descent.




