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Table 1: Prediction accuracies for the different approaches for 10K
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\ over a duration of ~1.54M time-counts for subset 9.

10 4

700 -

X 04 MO

' N-dim /

D %

| '500 1 0l - Jf,-'l'ﬂ \: -
| 0.8 1 - %8

\ ) | i <k 3

Target Value ol

[3] A. Graves and N. Jaitly, "Towards end-to-end
speech recognition with recurrent neural

networks,” in International Conference on Machine
Learning, 2014, pp. 1764-1772.

|II -~ 0 6 } % b
f o o 400 -
: \ e ™ ' o ot Train Prediction

_Time | N-dim B 4 * o Er 300 { x Test Prediction "‘TIY‘;—A::
Distributed |‘ / < 04 - 2 I b .
=y St
\ [P et ) j;’ 200 - - ]
— — . 4 021 | 100 - X X ool
) \ d : : A A
/; B Predicive A —— frain S 1
4 [ Model '__,.-'"'j 00 j test D4 X e x'?“_-:.—,,._.,._._.__:_:k P
\HH : o _,.-"ff T T T T T
T~ | L 0 20 40 60 80
-\--\"-.._\_\__- I -----__._.-'

fmmim i Number of Epochs
Testing — —— |

Sampies » The left and right plots show the confusion matrix, that

is; the plot of the output predictions against their target
values for both training and testing phases respectively
for subset 9.

100 10° 10 100 10° 10¢ 100  10°

Time Counts

[4] F. A. Gers, D. Eck, and J. Schmidhuber,
"Applying Istm to time series predictable through

time-window approaches,” in Neural Nets WIRN
Vietri-O1. Springer, 2002, pp. 193-200.

Training
Samples

» Encoding Section: One LSTM

ao0

» Decoding Section: Three LSTMs /, , . [5] N. Srivastava, E. Mansimov, and R.
/-f' I . Salakhudinov, "Unsupervised learning of video
» Repeat Vector: Interlinks the encoding and decoding 2w e I e representations using Is’rms,. in International
components : T ///’ 1 3.l P conference on machine learning, 2015, pp. 843-852.
> Time Distributed: the final feature dimension from the o | w7 £6] L. Sufskever, O. Vinyals, and Q. V. Le,
last LSTM is wrapped with a time-distributed algorithm 0w wm  we  we e w0 m m o - R o w0 Sequence to sequence learning with neural

networks,” in Advances in neural information
processing systems, 2014, pp. 3104-3112.

Train Target Value

Table 2: Prediction accuracy of the ID-LSTM trained on OHE codes

that presents the reproduced data in a sequential
series.

. Ig]f.bos];f < U3 GRlE l]?'no dé; f AI\/]\ZEP:)it\e VI e [7] S. Hochreiter and J. Schmidhuber, "Long short-
DGTG Re D r'esenTGTlonS term memory,” Neural computation, vol. 9, no. 8, pp.
- , Subset1 |0 - 1.54M 948 20 0.9826 |0.9751 1735-1780, 1997.
One-Hot-Encoding Codes 3-DIM Principal Component Analysis (PCA) Codes
012 345 e 78 N UDBUS .8 Subset 2 1.54- 3.09M | 606 30 0.9979 0.9695 . .
o Tolo i blolab bbb lo bl L i S [8] http://colah.github.io/posts/2015-08-
R ° osett  -oms -oomz  [Subset3  |3.09-4.63M 1535 36 0886 10.9624 | ynderstanding-LSTMs/
5 000 000000000000 1 .. : osat  c0dler 0022 Igubset4  |4.63-6.18M  [619 48 0.9961 |0.9021
A Subset5 |6.18-7.73M  |620 62 0.9837 |0.9806
994 00 0 0O O 1 0 0O O O O 0O O O ... ... 9997 01326 04218 04549 °
ER N O O o8 o136 o4zis  o4sis | Subset6  |7.73-927M |675  |109 09962 |0.9347 This research was supported by the
000 0001 0000 00000 L 9999 01326 04218 04549  |Subset7 |9.27-10.8M | 648 64 0.9205 |0.9293 MANTIS
Data sizes: ~15.4M fotal samples Subset8 |10.8-12.3M  |679 95 0.9973 |0.9576 VB _
Subset9  [12.3-13.9M  |717 196 0.9943 |0.9681 . -
OSMALIb— DATA SIZE LARGE DATA SIZE Subset 10 [13.9-15.4M 624 263 0.9871 0.9268
ne Subset containing 10 Subsets, wh h
10K samples subset contains ~1.54M samples Average 0.9844 |0.9506 MANTIS



https://www.researchgate.net/publication/324391142

	Slide Number 1

