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Experiment details

»  Train data: WS] / train_si284_sp_hires(+1 noise on all utterance)
111954 utterance, about 240h

Test data: WSJ] / test_eval92 & dev93_sp_hires(+1 noise)

» NN_1(1280+6) NN_2/3/4(256+%6)

v

256+%6

Experiment procedure

IFE n NN

1. IS ENEA utterance fREL, JE|EG/NMa)FHI WER W, ()

2. XNENMIFH WER BIB—4 W)/ 2 Wa (), BEIENEFRIERP, ()

3. ARXMEERI FEHIREHRTT resample, RIEFIBRE R FANEAE, BRI EESE,
BEEH GMM-HMM =B alignment, I1% NN,

W& n S NN &, BUNIK & WER BYEIEUIS— (LB EIEA NN BSLEAI, & posterior AL

EL AR NS 2 &2 8 posterior 1 THEAD



results

2048+6 Ensemble 1280+6(1) | 2566 | 2566 | 256+
(1280+256%3) | 1+2+3+4 (2) (3) 6(4)

bd_tgpr_dev | 9.85 10.53 10.37 17.21 | 18.80 | 20.68
93

bd_tgpr_dev | 8.95 9.34 9.21 1555 | 16.88 | 18.36
93_fg

bd_tgpr_eval | 6.31 6.63 6.50 12.65 | 1372 | 1512
92

bd_tgpr_eval | 5.28 5.28 5.46 10.77 | 1226 | 13.22
92_fg

tg_dev93 11.63 11.94 11.85 18.80 | 20.11 | 21.62
tg_eval92 7.67 8.40 8.22 1411 | 1517 |16.39
tgpr_dev93 12.38 12.63 12.67 19.19 | 20.62 | 21.86
tgpr_eval92 8.86 8.86 8.86 1474 | 1591 | 17.21
Train_set 10.85 33.82 | 44.70
Conclusion

1. Itseems that ensemble model cannot do better than first 1280+6 model not to say 2048+6.
maybe Adaboost can do better when NN have the same representation ability in other words
these models have to have same structure.

2. The more complex data model learns on , the worse result they will have. That's as
expected cause maybe harder training data really confused them.

3. When model trains on resampled data , they do better on test data. For example, model-
2's WER on training data is 33.82% and model-3's WER on training data is 44.7%.This is
really interesting cause model usually cannot do well on test set as they do on training
set. Maybe they really learned some information.

4. The weight for each model is 0.86778, 0.05940, 0.04139, 0.03143 and they sum up to be
1.0 . I think it's more reasonable to weight the softmax layer before log. However , it do
much better to directly weight the log-softmax layer which is unexpected.
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Experiment details

»  Train data: WSJ / train_si284(+3 noise each with probability = 0.3)

37318 utterance, about 80h
» Test data: WSJ / test_eval92 & dev93(+3 noise each with probability = 0.3)
NN_1/2/3/4/5 (256%6)

v

Experiment procedure

3FF% n N NN

4. ST EMNEA utterance f#3, JEIEFNEFHI WER W, (i)

5 NEANMETFH WER UA— W)/ X Wa (D), BEIEGNETRMEERR, (D)

6. FAXMERXREIEEIHTT resample, RIEBIRE D FNEAT, BEIFAVIGEIRSE,
AEEH GMM-HMM =B alignment, 1% NN,

WEEF n N NN 5, BUUIK S WER F9BIEUIS— LB EE NN BIELH], B posterior Xt

EE IR IS 2 &L 8 posterior 1 THEAD

Results

basic results:

1280+6 256%6 (1) | 2566 (2) | 256%6 (3) | 256%6(4) | 256%6(5)

bd_tgpr_dev93 15.97 19.38 27.52 29.04
bd_tgpr_dev93 fg | 14.45 17.59 25.49 27.69
bd_tgpr_eval92 13.20 16.89 22.24 23.57
bd_tgpr_eval92_fg | 11.89 15.59 20.26 22.08
tg_dev93 17.40 20.03 2811 30.58
tg_eval92 14.05 17.92 23.25 24.61
tgpr_dev93 18.00 2111 28.59 31.33
tgpr_eval92 14.78 19.01 2391 25.64
train set 19.83 46.87




Ensemble result:

256+%6 | 256*6 | Ensemble(1)_(2) | Ensemble(1)_(2)

(1) (2) | weightl: 0.75595 | weightl: 0.5647

weight2: 0.24405 | weight2: 0.4353
bd_tgpr_dev93 19.38 | 2752 | 20.66 2741
bd_tgpr_dev93_fg | 17.59 | 2549 | 19.04 26.12
bd_tgpr_eval92 16.89 | 2224 | 17.77 19.71
bd_tgpr_eval92_fg | 1559 | 20.26 | 16.23 18.36
tg_dev93 20.03 | 2811 | 2154 28.39
tg_eval92 1792 | 2325 | 18.18 20.95
tgpr_dev93 2111 | 2859 | 2274 29.04
tgpr_eval92 19.01 | 2391 | 19.19 21.76

conclusions

1. B ensemble FIBHERILILIFEI base classifier INEf# A, ensemble BY4E Rk tT
2. B ensemble Y45 REH R ITH classifier B 25 R 47, B2 ensemble 28X} EE & classifier
By WER $ZLEBIAEMNME RE, BEAOT

Test_set 1 2 3 4 5 6 7 8

Model(1) 1938 | 1759 |16.89 | 1559 |20.03 |1792 |21.11 |19.01
Model(2) use prior | 53.50 | 52.87 | 44.16 | 43.45 | 55.00 |4595 | 54.48 | 4547
of model(1)
Ensemble(1) (2) | 2741 |26.12 | 1971 |1836 | 2839 |2095 |29.04 |21.76
weightl: 0.5647
weight2: 0.4353
Weightl*werl+ 3423 | 3295 | 2876 |27.72 |3525 |3012 |3564 | 3053
weight2=wer2

Test_set 1 2 3 4 5 6 7 8

Model(1) 19.38 | 1759 | 16.89 | 1559 | 2003 |1792 |2111 |19.01
Model(2) use prior | 53.50 | 52.87 | 44.16 | 43.45 | 55.00 |4595 | 54.48 | 4547
of model(1)
Ensemble(1) (2) | 2066 | 19.04 |17.77 | 1623 | 2154 |1818 |2274 | 19.19
weightl: 0.75595
weight2: 0.24405
Weightl+werl+ 2771 | 2620 | 2355 |2239 | 2856 |24.76 |29.25 | 2547
weight2*wer?2




A9 RR

1. YIS 2, 34 classifier FIRHE, XEUBREHATTT resample, EREHAINEE —MI%

8 prior, T —HXEEKL, TTIAFH prior MREAYIRFILERF MR K
Test_set 1 2 3 4 5 6 7 8
Model(2) 27.52 25.49 2224 | 2026 | 2811 23.25 | 2859 23.91
Model(2) 53.50 52.87 4416 | 4345 | 55.00 4595 | 54.48 45.47
use prior of
model(1)
Further research of the result
1. WER on noise test set & clean test set
1 2 3
total | clean | noise | total | clean | noise | total | clean | noise
bd_tgpr_dev93 19.38 | 857 | 2441 | 2752 | 9.73 | 35.87 | 29.04 | 10.99 | 37.47
bd_tgpr_dev93 fg | 17.59 | 745 | 2225 | 2549 | 817 | 3351 | 27.69 | 962 | 36.17
bd_tgpr_eval92 16.89 | 539 | 23.05 (2224 | 6.27 | 3026 | 2357 | 6.95 | 31.99
bd_tgpr_eval92_fg | 15.59 | 430 | 21.32 | 20.26 | 4.72 | 27.92 | 22.08 | 565 | 30.18
tg_dev93 20.03 | 10.00 | 24.77 | 28.11 | 11.33 | 36.00 | 30.58 | 12.40 | 39.51
tg_eval92 1792 | 7.05 | 23.18 | 2325 |6.84 |3150 | 2461|736 |33.36
tgpr_dev93 21.11 | 1091 | 26.18 | 2859 | 11.56 | 36.71 | 31.33 | 12.89 | 40.04
tgpr_eval92 19.01 | 721 | 2491 | 2391 | 798 | 3196 | 2564 | 876 | 33.74

Noise
train_set(original) 65.9%
train_set(resample_1) | 80.7%
train_set(resample_2) | 90.3%
test_dev93 67.0%
Test_eval92 63.3%

2. The data composition of resampled data(the percentage of noise data)

It seems that model trained on resampled data can neither do better on clean data nor on
noise data. As for why this situation happens, to my opinion, maybe model concentrates on
selected data instead of whole data information when it trains on resampled data. And I'm
doubtful that when model performs worse can ensemble method works.
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Experiment details

» train data

data/train_si84 : 1 noise for every sentence. 7138 utterances , about 15h.

> test data

data/test_dev93 & data/eval92 : 1 noise for every sentence. 503/333 utterances.
»  Network Mg 5

Results

GMM/tri4 | 256_1 | 2562 | 256_3 | 2564 | 2565
b_1_noise

bd_tgpr_dev93 17.84

bd_tgpr_dev93_fg | 15.75

bd_tgpr_eval92 11.82

bd_tgpr_eval92_fg | 10.30

tg_dev93 18.73

tg_eval92 13.24

tgpr_dev93 19.70

tgpr_eval92 14.21

Some results lost, finding-

Conclusions

Ensemble BZ5SRANIREE 1 HIEF .
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train data

data/train_si84_half : 1 noise for every sentence. 3500 utterances , about 7h.
test data

data/test_dev93 & data/eval92 : 1 noise for every sentence. 503/333 utterances.

RABEREIEERE 7h, FANEEIRXPREGHENET RBAS NN RAERE
adaboost BYZIR, FTIARBEIHEMELEM K 3<100 (REIWMAERTHLE)

B By Ay S o) =K -

AT FRR priors Y [a) 88

R L L priors FE LR, (XAMEMEEEM posterior ##48, Kaldi FAY priors
posterior & TN ERRERILEIEF, ensemble HIEHETEAARERY priors 4D

FE 2. A re-weight TiAZ re-sample, X#¥ priors U5 B —1f. B8 HI AT -
Re-sample B9 773%

REBR XL TIEMR T A4 re-sample ILUET re-weight B EILUET re-weight,
FELEF epoch #B resample —X, T H epoch #EBA. BEFHAEIZGHH base
classifier BBk RTE R AIRS & resample 7 —>K, XFH777E BRBELLFTAY NN SOER
S2IFHEIRE, BEREX re-weight BRI, BIRXH BB T XA %, B3XH
XFTT R BRNRARRY, BE2ELLEENH NN RUEF.

HEBEXIFNAFITER re-sample BB F [0, L4415 A WER 95— 17 resample
AREE, TSENELXBDALRRE.

Pdf #ud %

ASR Y pdf 4 3400 £/, HMAELRMMEZEMB S A L2 40-100-100-100-
3400, WX EANMER/NE 22-10-10, BH pdf HhitEHEMBEHM D LTS
BIKRIAR K,

Frame-level or sentence-level

ERM sentence-level & resample £IEEFN NN Z£ frame-level i classification AYJR
BHEEE, BX Kaldi fif egs B F75%1L frame-level A re-sample SEILEREEME, TE
frame-level FNEHREXE AL AKX

%3 1% adaboost degrades a lot in the presence of significant amounts of noise, I
FEEHRENIREEEIEY



